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Abstract

Egocentric vision, which captures videos from the first-
person perspective using head-mounted cameras, provides
a unique viewpoint of human interactions and daily activi-
ties. The release of large-scale egocentric datasets, such as
EPIC-KITCHENS and Ego4D, has spurred significant re-
search in this field. Traditional tasks include action recogni-
tion and anticipation, but natural language queries (NLQs)
now allow users to interact with video data using conver-
sational language. This project explores the challenges
and methodologies of NLQs in egocentric videos, focus-
ing on the Ego4D NLQ benchmark, which involves tem-
poral segment prediction to identify the exact moment a
query is answered in a video. We evaluated two models,
VSLNet and VSLBase, using features extracted from Om-
nivore and EgoVLP, two advanced feature extraction mod-
els. Our experiments were designed to compare the ef-
fectiveness of these features and models in addressing the
NLQ task. Extensive hyperparameter tuning was performed
to ensure robust comparisons. The results demonstrated
that the combination of EgoVLP features and the VSLNet
model with a shared encoder configuration achieved the
highest performance, with an overall mloU of 7.63. Addi-
tionally, we implemented an extension to the project by de-
veloping a natural language query generation system using
Google’s open-source model, Gemma 2B EN (ar5iv). This
system was fine-tuned to generate NLQs from descriptive
sentences, enhancing the interaction with egocentric video
data. Our findings highlight the importance of specialized
features and sophisticated models for NLQs in egocentric
vision, providing insights for future research in this domain.
The results have significant implications for personal as-
sistance, accessibility, behavioral analysis, and education.
For the complete code related to this project, please visit
the public GitHub repository: https://github.com/
smsag99/episodic—memory.

1. Introduction

Egocentric vision, which involves capturing videos from
the first-person perspective using cameras mounted on the
user’s head, provides a unique and privileged viewpoint of
human interactions and daily activities [1]. The release of
large-scale egocentric datasets, such as EPIC-KITCHENS
and Ego4D, has spurred significant research in this field [2].
Traditional tasks include action recognition and anticipa-
tion, but natural language queries (NLQs) now allow users
to interact with video data using conversational language
[3].
The Ego4D NLQ benchmark is a pioneering effort,
defining the task as temporal segment prediction where
models identify the exact moment a query is answered in
a video [6]. This involves integrating video and text modal-
ities, managing long temporal ranges, and ensuring precise
temporal alignment [7].

This report explores the challenges and methodologies of
NLQs in egocentric videos, discussing technological frame-
works like LifelongMemory that integrate large language
models (LLMs) with pre-trained NLQ models to enhance
performance. It also examines the broader implications of
this technology in personal assistance, accessibility, behav-
ioral analysis, and education, aiming to provide a compre-
hensive understanding of the current state and future direc-
tions of NLQs in egocentric vision.

2. Related Work

The domain of egocentric vision has seen significant
advancements, driven by the proliferation of large-scale
datasets and sophisticated models capable of understanding
and processing first-person video data. This section reviews
key contributions to the field, focusing on seminal works
that have laid the foundation for current research in natural
language queries (NLQs) within egocentric videos.

Grauman et al., 2022 [ 1] introduced the Ego4D dataset, a
monumental effort capturing over 3,000 hours of egocentric
video from various geographical and cultural contexts. The
dataset’s scale and diversity make it a critical resource for
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developing models capable of understanding complex, real-
world activities from a first-person perspective. Ego4D also
sets the stage for numerous benchmarks, including action
recognition, anticipation, and natural language queries, fos-
tering advancements in the integration of computer vision
and NLP (ar5iv).

Gao et al., 2017 [3] introduced the TALL framework,
which focuses on temporal activity localization in videos
through language queries. This work pioneers the approach
of using natural language to specify temporal segments
within videos, a concept crucial for developing NLQ sys-
tems in egocentric vision. TALL combines visual and tex-
tual features to accurately identify and localize activities
based on user queries, demonstrating the feasibility and ef-
fectiveness of such models (ar5iv).

Most similar to our work is Zhang et al., 2020 [4], who
proposed a span-based network for localizing moments in
videos using natural language descriptions. This model sig-
nificantly improves the precision of temporal segment pre-
diction by treating the localization task as a span prediction
problem, akin to question answering in NLP. The approach
enhances the ability to handle complex queries and accu-
rately align them with corresponding video segments.

Zhang et al.’s work on VSLNet and VSLBase demon-
strates the effectiveness of span-based methods for NLQs
in videos, particularly in handling the nuanced and context-
dependent nature of egocentric video content. The ability of
these models to accurately localize relevant video segments
based on natural language queries makes them highly rele-
vant to our project [4], which aims to enhance the interac-
tion and usability of egocentric vision systems [10].

Feichtenhofer et al., 2019 [5] introduced SlowFast net-
works, a dual-pathway model designed to capture both slow
and fast visual dynamics in videos. This architecture is par-
ticularly well-suited for egocentric video analysis, where
activities can range from subtle, slow movements to rapid
actions. The SlowFast networks’ ability to process varying
temporal resolutions enhances the robustness and accuracy
of action recognition and NLQ systems (ar5iv).

3. Methodology
3.1. Ego4D Dataset

The dataset employed in this project is Ego4D, a com-
prehensive egocentric video dataset capturing a wide range
of daily life activities from a first-person perspective [4].
Ego4D is distinguished by its scale and diversity, encom-
passing over 3,000 hours of video footage collected from
multiple geographical locations and cultural contexts [1].
The dataset provides a rich resource for developing and
benchmarking egocentric vision models.

This project focuses on the Natural Language Queries
(NLQ) benchmark within Ego4D. The NLQ task involves

predicting the temporal segments of videos where answers
to natural language queries can be found. This task poses
a significant challenge due to the need for a fine-grained
understanding of both video content and query semantics

[6].
3.2. Annotations and Narrations

The Ego4D dataset provides extensive annotations and
narrations that are crucial for various tasks, including the
NLQ benchmark. These narrations describe the actions
and interactions occurring within the video, offering a rich
source of contextual information. Annotations include tem-
poral boundaries for activities, object interactions, and asso-
ciated metadata. This detailed labelling facilitates the train-
ing of models to understand and respond to natural language
queries accurately.

The annotations and narrations from Ego4D play a piv-
otal role in training and evaluating the models. They pro-
vide the necessary ground truth for understanding the con-
text of queries and enhancing the model’s ability to generate
accurate responses.

3.3. Feature Extraction

For this project, we utilized two distinct sets of features
extracted from the Ego4D videos:

1. Omnivore Features: Omnivore is a model designed
to handle multiple visual modalities, including images,
videos, and depth data. It leverages a unified architec-
ture to extract rich and versatile visual features [11].
For the NLQ task, we used video features derived from
the Omnivore model, which are particularly adept at
capturing detailed visual information from egocentric
perspectives.

2. EgoVLP Features: EgoVLP (Egocentric Video-
Language Pre-training) is a contrastive model pre-
trained on a subset of Ego4D videos using weak super-
vision from free-form textual narrations. This model
aligns video segments with corresponding textual de-
scriptions, making it highly effective for tasks that
involve video-language interaction. The features ex-
tracted from EgoVLP are designed to bridge the gap
between visual content and language queries, enhanc-
ing the model’s ability to locate relevant video seg-
ments [0].

3.4. Models

We evaluated two different models for the NLQ task,
each with its unique architecture and capabilities:

1. VSLNet: VSLNet (Video Span Localization Network)
builds upon the concept of span prediction widely used
in natural language processing [1,4]. VSLNet treats
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the task of video moment localization as a question-
answering problem [8], where the start and end times
of the relevant video segment are predicted in response
to a natural language query [4].

2. VSLBase: VSLBase is a simplified version of
VSLNet [4]. It uses a less complex architecture but
follows a similar principle of joint video-query encod-
ing and span prediction [!1]. Despite its simplicity,
VSLBase is trained on the same datasets and evaluated
using the same metrics as VSLNet, providing valu-
able insights into the performance trade-offs between
model complexity and localization accuracy [4,10,11].

3.5. Experimental Setup

To comprehensively evaluate the performance of the
models, we designed experiments under four different con-
ditions, combining the two models with the two feature sets:

1. Omnivore + VSLBase: Investigated the impact of us-
ing Omnivore features with a simpler model architec-
ture.

2. Omnivore + VSLNet: Expected to improve temporal
localization accuracy due to enhanced attention mech-
anisms.

3. EgoVLP + VSLBase: Investigated the impact of using
features specifically pre-trained on egocentric video-
language tasks.

4. EgoVLP + VSLNet: Hypothesized to achieve the
highest accuracy by combining advanced features with
an improved model architecture.

Each combination represents a unique configuration of
features and model architecture, enabling us to analyze the
interplay between different types of visual information and
model capabilities.

3.6. Hyperparameter Tuning

We conducted an extensive hyperparameter search for
the initial condition (VSLNet with Omnivore Features) to
ensure robust and fair comparisons across different condi-
tions. We tested seven different configurations and identi-
fied the optimal hyperparameters as follows:

» Batch Size: 16

¢ Hidden Dimension (DIM): 128

¢ Number of Epochs NUM_EPOCH): 50

¢ Maximum Position Length (MAX_POS_LEN): 16

¢ Initial Learning Rate (INIT_LR): 0.0025

These hyperparameters were then consistently applied to
the other three conditions, ensuring that variations in per-
formance could be attributed to the features and model ar-
chitecture rather than differences in training settings. The
training and evaluation processes for the models involved
several key steps to ensure rigorous assessment and reliable
results.

3.7. Training Process

Feature Extraction: Utilizing the pre-extracted Omni-
vore and EgoVLP features, we ensured a standardized fea-
ture extraction process across all conditions. This step in-
volved applying the Omnivore and EgoVLP models to the
video data to obtain the respective feature representations

[6,11].
3.8. Evaluation Process

The performance of the models was evaluated using the
following metrics:

1. Top-k Recall: This metric measures the proportion of
correctly identified temporal segments among the top-
k predictions. It provides insight into the model’s abil-
ity to retrieve relevant segments from the video [12].

2. Temporal Intersection over Union (tloU): tloU mea-
sures the overlap between the predicted and ground
truth temporal segments. It provides a robust evalu-
ation of the accuracy of the model’s temporal localiza-
tion capabilities [3].

We compared the results of our models with the official
baseline results provided in the Ego4D paper, which were
trained on SlowFast features. This comparison allowed us
to benchmark our models against established performance
metrics and assess the effectiveness of our feature sets and
model architectures.

3.9. Results Analysis

The primary objective of this project was to evaluate the
effectiveness of different features (Omnivore vs. EgoVLP)
and model architectures (VSLBase vs. VSLNet) in address-
ing the NLQ task. The analysis focused on:

1. Impact of the Query Guided Highlighter Mod-
ule: By comparing the performance of VSLNet and
VSLBase, we aimed to assess the contribution of the
Query Guided Highlighter module in enhancing the
model’s precision and recall in temporal segment lo-
calization.

2. Effectiveness of Omnivore and EgoVLP Features:
The comparison between Omnivore and EgoVLP fea-
tures provided insights into the relative strengths of



each feature set in capturing relevant visual informa-
tion for the NLQ task. This analysis helped identify
which feature set offered better alignment with natural
language queries.

3. Overall Model Performance: We analyzed the over-
all accuracy and robustness of each model-feature
combination in predicting temporal segments. This
involved a detailed examination of top-k recall and
tloU metrics across different configurations, providing
a comprehensive evaluation of model performance.

4. Experiment
4.1. Experimental Procedure

The following steps were undertaken to evaluate the
performance of the VSLBase and VSLNet models using
two different feature sets (Omnivore and EgoVLP) on the
Ego4D NLQ benchmark:

1. Dataset Preparation:

¢ The Ego4D dataset was pre-processed to extract
relevant video clips and their corresponding nat-
ural language queries.

* Omnivore and EgoVLP features were extracted
from these clips to be used as inputs to the mod-
els.

2. Feature Integration:

* Omnivore Features: General visual capabilities
captured from the video clips were directly fed
into the models.

* EgoVLP Features: These features, which are
designed for egocentric vision tasks, were uti-
lized to evaluate their impact on model perfor-
mance.

3. Feature Encoder Configuration:

¢ Two configurations were tested for the VSLNet
model with Omnivore and EgoVLP features:

— Shared Encoder Both the video and text en-
coders had a kernel size of 7.

— Non-Shared Encoder: The video encoder’s
kernel size was increased to 9, while the text
encoder’s kernel size remained at 7. This al-
lowed the video encoder to cover broader as-
pects of the input videos and extract more
complex features while the text encoder re-
mained focused on key parts of the textual in-
put.

4. Model Configuration:

* VSLBase: A simplified version of VSLNet, pro-
viding a point of comparison against the en-
hanced VSLNet.

* VSLNet: Enhanced with a Query Guided High-
lighter module to improve the precise temporal
alignment between video and textual inputs.

5. Training and Validation:

» Each model-feature combination was extensively
trained with similar hyperparameters to ensure a
fair comparison.

* Performance metrics were evaluated on a valida-
tion set using Top-k Recall and mIoU (mean In-
tersection over Union) metrics to assess spatial-
temporal accuracy.

4.2. Results

The results of the experiments for the different config-
urations are summarized in Table 1. These results show
the performance of each model-feature combination on the
NLQ benchmark across different evaluation metrics.
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Figure 1. Comparison of Omnivore VSLBase
vs. Omnivore VSLNet vs. EgoVLP VSLBase
vs. EgoVLP VSLNet

4.3. Analysis

1. Performance Comparison:

* Omnivore + VSLBase: This combination
showed the lowest performance among all con-
figurations. The overall mloU of 4.52 indi-
cates that while the model could identify rele-
vant segments, its precision was relatively lower



Table 1. Performance Metrics for Different Model-Feature Configurations

Configuration Rank@1 Rank@1 Rank@1 Rank@3 Rank@3 Rank@3 Rank@5 Rank@5 Rank@5 mloU
mloU@0.3 | mIoU@0.5 | mIoU@0.01 | mIoU@0.3 | mIoU@0.5 | mIoU@0.01 | mIoU@0.3 | mIoU@0.5 | mIoU@0.01
Omnivore + VSLBase 6.01 3.18 17.66 9.99 6.01 29.43 12.24 7.69 36.11 452
EGOVLP + VSLBase 8.65 5.24 25.68 13.89 9.11 41.25 16.68 11.18 48.99 6.67
EGOVLP + VSLNet (Shared Encoder) 10.51 5.81 23.62 16.03 9.73 37.22 19.13 12.21 45.10 7.63
EGOVLP + VSLNet (Non-Shared Encoder) 10.14 6.09 23.36 15.02 9.99 38.75 17.58 12.16 46.67 7.34
Omnivore + VSLNet (Shared Encoder) 6.38 3.51 15.75 10.22 6.12 27.23 11.85 7.54 34.36 4.76
Omnivore + VSLNet (Non-Shared Encoder) 6.38 3.61 15.07 9.78 5.94 26.95 11.72 741 33.61 4.77
Table 2. Performance of the NLQ baselines on val and Our EGOVLP + VSLNet (Shared Encoder)
Models Rank@1 Rank@1 Rank@5 Rank@5
ToU=0.3 (%) | IoU=0.5 (%) | IoU=0.3 (%) | IoU=0.5 (%)

2D-TAN (Baseline) 5.04 2.02 12.89 5.88

VSLNet (Baseline) 5.45 3.12 10.74 6.63

EGOVLP + VSLNet (Shared Encoder) 10.51 5.81 19.13 12.21

compared to configurations using EgoVLP fea-
tures or the more advanced VSLNet model.
It achieved Rank@1 mloU@0.5 of 3.18 and
Rank@1 mloU@0.01 of 17.66.

EgoVLP + VSLBase: Pairing the VSLBase
model with EgoVLP features significantly im-
proved performance, highlighting the effective-
ness of these specialized features in capturing
egocentric vision details. This configuration out-
performed the Omnivore + VSLBase across all
metrics, demonstrating the benefit of using fea-
tures pre-trained on egocentric video-language
tasks. It achieved Rank@1 mIoU@0.5 of 5.24
and overall mloU of 6.67.

EgoVLP + VSLNet (Shared Encoder): The
shared encoder configuration of VSLNet with
EgoVLP features yielded strong performance,
achieving the highest overall mloU of 7.63. This
suggests that using the same kernel size for both
video and text encoders facilitates better integra-
tion and alignment between video and text fea-
tures, leading to more accurate temporal local-
ization. It achieved Rank@1 mloU@0.5 of 5.81
and Rank@1 mloU@0.01 of 23.62.

EgoVLP + VSLNet (Non-Shared Encoder):
The non-shared encoder configuration also per-
formed well but slightly less than the shared en-
coder version. An overall mloU of 7.34 in-
dicates that while increasing the kernel size of
the video encoder captured more extensive video
context, it added complexity that slightly hin-
dered the precise alignment of video and text fea-
tures. It achieved Rank@1 mloU@0.5 of 6.09
and Rank@1 mIoU@0.01 of 23.36.

— Explanation: The plot in Figure 2 shows the
comparison between EgoVLP + VSLNet with
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Figure 2. Comparison of EgoVLP VSLNet
Shared Encoder vs. Non-Shared Encoder

shared and non-shared encoders. The shared
encoder configuration achieved a slightly
higher Rank@1 mloU@0.3 compared to the
non-shared encoder, indicating that using the
same kernel size for both video and text en-
coders facilitated better integration and im-
proved temporal localization performance.

e Omnivore + VSLNet (Shared Encoder): Us-

ing the same kernel size (7) for both video and
text encoders resulted in a balanced performance,
suggesting a balanced feature extraction process.
This configuration achieved Rank@ 1 mIoU@0.5
of 3.51 and overall mloU of 4.76.

e Omnivore + VSLNet (Non-Shared Encoder):

Increasing the kernel size of the video encoder
to 9 while keeping the text encoder’s size at 7
resulted in slightly lower performance. This con-
figuration achieved Rank@ 1 mloU@0.5 of 3.61
and overall mIoU of 4.77, indicating that while a
larger kernel size for the video encoder allowed
it to capture more extensive video context, the
resulting complexity may have slightly hindered



the model’s ability to precisely align the video
and text features.
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Figure 3. Comparison of Omnivore VSLNet

how accurately the models can align predicted
segments with the ground truth. Higher val-
ues suggest superior temporal precision, with
EgoVLP + VSLNet showing the highest preci-
sion.

Overall mIoU: The mean IoU provides a com-
prehensive measure of the overlap between pre-
dicted segments and the ground truth, reflecting
overall alignment accuracy. EgoVLP + VSLNet
(Shared Encoder) had the highest overall mloU
at 7.63, indicating the best performance among
the configurations.

Shared Encoder vs. Non-Shared Encoder 4.4. Discussion

The experimental results provide several insights into

— Explanation: The plot in Figure 3 compares how model architecture and feature selection impact tem-
Omnivore + VSLNet with shared and non- poral localization tasks:
shared encoders. The performance difference
between shared and non-shared encoders is 1. Model and Feature Synergy:

minimal, but the shared encoder configuration ) )
slightly outperforms the non-shared encoder * The advanced VSLNet model paired with
in terms of Rank@1 mloU@0.3, indicating EgoVLP features consistently outperformed

better integration and alignment of video and other combinations, underscoring the importance
text features. of using specialized features and sophisticated

models for complex tasks like egocentric vi-
sion. Compared to the baseline provided in the
Ego4D paper, our best configuration (EgoVLP +
VSLNet with shared encoder) showed a signif-
icant improvement in mloU, demonstrating the
effectiveness of the combined features and ad-
vanced model architecture.

2. Impact of Feature Encoder Configuration:

¢ Shared Encoder (Kernel Size 7 for Both):
When the encoders shared the same kernel size,
the performance was slightly better in terms of
overall mloU compared to the non-shared en-
coder for Omnivore features, showing a more
straightforward integration between video and 2. Encoder Configuration:
text features.

e Non-Shared Encoder (Kernel Size 9 for Video,
7 for Text): While this approach aimed to cap-
ture more complex video features, the increase in
kernel size for the video encoder only provided a
marginal improvement or slight decrease in per-
formance compared to the shared encoder con-
figuration.

* The slight performance drop when using non-
shared encoders (different kernel sizes for video
and text) suggests that the added complexity
from a larger video kernel size may not always
translate to better performance. Shared configu-
rations can sometimes yield more robust results,
particularly in terms of integration and alignment
between different input modalities.

3. Metric Insights:

3. Future Directions:

e Rank@1, Rank@3, Rank@5: These recall

metrics demonstrate the models’ ability to cor- * Further exploration of different feature sets, es-

rectly predict the relevant temporal segments pecially those designed for specific aspects of

within the top k predictions.  Higher val- egocentric vision, could potentially enhance per-
ues indicate better performance, with EgoVLP formance.

+ VSLNet configurations generally performing

better across these metrics.

* mloU@0.3, mIoU@0.5, mIoU@0.01: These
mloU metrics at different thresholds highlight

» Experimenting with more advanced or varied
encoder configurations could reveal additional
insights into optimizing model architecture for
temporal localization tasks.



* Investigating additional enhancements to the
VSLNet model or exploring other model archi-
tectures that leverage advanced attention mecha-
nisms could further improve performance.

5. Conclusion

The project demonstrated the critical importance of spe-
cialized features and sophisticated models for addressing
the Natural Language Queries (NLQs) task in egocentric
vision. The combination of EgoVLP features with the
VSLNet model, particularly in the shared encoder config-
uration, achieved the highest performance, highlighting the
effectiveness of integrated and aligned video-text features.
Compared to the baseline results from the Ego4D paper,
our approach showed significant improvements, underscor-
ing the potential of using advanced feature sets and model
architectures for complex video understanding tasks. This
research provides valuable insights for future exploration
in the domain of egocentric vision, with potential applica-
tions in personal assistance, accessibility, behavioral anal-
ysis, and education. The extension using Large Language
Models (LLMs) further enhances interaction with egocen-
tric video data, showcasing the potential of advanced lan-
guage models in generating natural language queries. Fur-
ther exploration and optimization in this area could lead to
even more robust and accurate systems for understanding
and interacting with egocentric videos.

6. Extension

We implement a natural language query (NLQ) gener-
ation system in this extension using Google’s open-source
model, Gemma 2B EN (ar5iv). This system leverages de-
pendencies installed via Kaggle’s API using a provided
username and API key. For the backend framework, we
have chosen JAX due to its efficiency and flexibility in han-
dling large-scale model training.

To achieve our desired results, we train the Gemma 2B
model with our specific data, ensuring the output aligns with
the required format. This involves generating a compre-
hensive dataset of input-output pairs using the nlq-train.json
file. This file contains two properties that serve as our input
and output formats:

* Input (descriptive sentence): slot_y or slot_x
e Output (question about the input): query

By utilizing these properties, we create a large dataset
where each input is a descriptive sentence about an object or
person, and each output is a corresponding question about
that descriptive sentence.

For fine-tuning the model, we employ the LoRA (Low-
Rank Adaptation) technique introduced by Google (ar5iv).

This method, known for its efficiency in adapting large lan-
guage models to specific tasks with relatively small compu-
tational overhead, reassures the model’s flexibility.

The training process on an A1000 GPU in Google Co-
lab Pro takes approximately 45 minutes. After training,
the model can generate questions based on input descrip-
tive sentences, facilitating intuitive querying and interaction
with egocentric video data.
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