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Abstract

In this paper, we address the challenge of learn-
ing temporal structure in long-horizon ego-
centric videos by pretraining a large video-
language model on the Ego4D dataset. Our
goal is to transfer the pretrained model to down-
stream video understanding tasks such as video-
text retrieval. To achieve this, we propose a
novel contrastive learning approach that com-
bines hard negative mining via nearest neighbor
sampling with temporal clip reordering. Our
key insight is to use a sampling strategy that in-
corporates strong and weak samples in the con-
trastive learning objective to encourage learn-
ing temporally robust video-language represen-
tations. We also develop a temporal reorder-
ing objective to unshuffle and reorder video
clips and their corresponding narrations. Our
approach outperforms existing state-of-the-art
methods on the challenging EgoMCQ bench-
mark, demonstrating a significant improvement
in both intra-video and inter-video metrics.

1 Introduction

Spatio-temporal comprehension of egocentric
video data is vital for addressing various down-
stream computer vision tasks, with applications
ranging from augmented reality to providing robots
with expert demonstration data. Consider a person
wearing AR glasses while performing household
chores. A video understanding model may need
to answer questions like "Where did I leave my
keys?" or "Did I turn off the stove before leaving
the house?". Responding to such queries neces-
sitates a deep understanding of both natural lan-
guage queries and a technique for mapping them
to specific video segments. We are motivated by
this intricate yet highly valuable task of answering
natural language queries derived from egocentric
videos.

In this work, we investigate the challenge of ef-
fectively grounding video-language embeddings to
comprehend the temporal structure of long-horizon

egocentric videos. Egocentric videos, captured us-
ing wearable cameras, provide a unique first-person
perspective of the surrounding environment. Our
objective is to pretrain a large-scale video-language
model on extensive egocentric video datasets, en-
abling its transfer to a variety of downstream video
understanding tasks (Fig. 1).

To solve this problem, we consider the large-
scale Ego4D dataset(Grauman et al., 2022), which
encompasses 3000 hours of egocentric videos fea-
turing humans engaged in various day-to-day activ-
ities. These videos are accompanied by rich, fine-
grained natural language narrations. We utilize the
EgoClip subset from EgoVLP (Lin et al., 2022b),
comprising a pretraining set of 3.8M video-text
pairs derived from Ego4D. Our aim is to pretrain a
robust multi-modal video-language model on Ego-
Clip, enabling efficient performance on the down-
stream task of answering natural language queries.
We evaluate our approach on the EgoMCQ bench-
mark from EgoVLP (Lin et al., 2022b), modeled as
a video-text retrieval task. Given a natural language
narration and five video segments, the task involves
matching the narration to the appropriate segment.
We strive to develop effective contrastive learning
objectives for training large video-language mod-
els to excel at video-text retrieval tasks involving
extensive egocentric videos.

Pretraining large-scale video-language models
for egocentric understanding involves several chal-
lenges: (1) Egocentric videos are inherently com-
plex, exhibiting significant diversity in actions, en-
vironments, and camera movements. (2) Long-hori-
zon videos demand reasoning over expansive con-
texts, making it difficult to pinpoint relevant infor-
mation within multi-segment videos. (3) Natural
language queries can be ambiguous, necessitating
a multi-modal understanding of both visual and
linguistic information. Mapping queries to specific
video segments requires fine-grained spatio-tempo-
ral reasoning and an understanding of context and



Figure 1: Egocentric video-language pretraining for downstream tasks. We perform large-scale video-language
pretraining on egocentric videos from EgoCLIP for the downstream task of video-text retrieval on EgoMCQ.

temporal relationships.
To tackle these challenges, we propose a novel

contrastive learning approach that incorporates
hard negative mining and temporal reordering of
egocentric video clips to enhance performance
on the downstream EgoMCQ video-text retrieval
task. We integrate both strong and weak con-
trastive learning with temporal reordering during
pretraining. Our key insight involves a novel sam-
pling strategy that combines strong and weak sam-
ples in the contrastive learning objective, foster-
ing the development of temporally robust video-
language representations. Unlike prior works such
as EgoVLP (Lin et al., 2022b), which employ
random sampling during contrastive learning, our
method utilizes a 50-50 strong-weak sampling strat-
egy to mine hard negatives. Additionally, we in-
troduce a temporal reordering objective for unshuf-
fling and reordering clips and their corresponding
narrations.

Through experiments on 10% of the EgoCLIP
dataset (380k video-text pairs), our approach out-
performs EgoVLP on the challenging EgoMCQ
benchmark, achieving a significant improvement in
both intra-video and inter-video metrics. This high-
lights the effectiveness of our proposed contrastive
learning approach, which combines hard nega-
tive mining and temporal reordering for grounding
video-language embeddings in large-scale egocen-
tric video datasets.

The primary contributions of this work are as
follows:

• We propose a novel contrastive learning ap-
proach that combines hard negative mining
with temporal reordering of egocentric video
clips, promoting improved performance on
the EgoMCQ video-text retrieval task.

• We introduce a new sampling strategy that
integrates strong and weak samples in the
contrastive learning objective, fostering the
development of temporally robust video-

language representations for large-scale ego-
centric video understanding.

• We demonstrate the effectiveness of our ap-
proach through experiments on a subset of
the EgoCLIP dataset, outperforming exist-
ing state-of-the-art methods on the EgoMCQ
benchmark and achieving significant gains in
both intra-video and inter-video metrics.

Our findings provide valuable insights into the
challenges and opportunities of pretraining large-
scale video-language models for egocentric under-
standing, paving the way for further research and
development in this domain.

2 Related Work

2.1 Video Language Pretraining
Video-language pretraining aims at improving the
representation of videos and their associated tex-
tual information such as captions and transcriptions.
The learned representations can be leveraged to ef-
fectively perform downstream tasks such as video-
text retrieval (Zhu et al., 2023), video question an-
swering (Zhong et al., 2022), and video captioning
(Wang et al., 2018). Popular video-language pre-
training tasks include Masked Language Modeling
(MLM), Video Language Matching (VLM), and
Frame Order Modeling (FOM). MLM, inspired by
BERT’s pretraining objective (Devlin et al., 2019)
has been adapted for video-language pretraining by
masking textual information (Zhu and Yang, 2020),
video features (Peng et al., 2022; Bao et al., 2022;
Xie et al., 2022) or both simultaneously (Li et al.,
2022; Sun et al., 2019). VLM focuses on learn-
ing the correspondence between a video and its
related text, thereby improving alignment and un-
derstanding (Zellers et al., 2021; Zhang et al., 2021;
Li et al., 2021). FOM helps develop the skill of
temporal reasoning by predicting the original order
of a sequence of shuffled frames within either the
visual or both visual and textual modalities (Zellers
et al., 2021; Lei et al., 2021; Li et al., 2020). In



this work, we explore how we can best combine
both FOM and VLM techniques by combining both
contrastive learning on weak and strong pairs with
temporal reordering.

2.2 Video-Text Retrieval
Video-text retrieval (VTR) is the task of locating
and identifying specific video segments or mo-
ments that match the given natural language query
or description. Typically, VTR systems involve
two main steps: extracting spatial and temporal
visual features and textual information from the
input video and query, respectively; and establish-
ing a correspondence between them to identify
relevant video segments. Recent work relies on
Transformer-based methods to extract spatial and
temporal features from videos (Dosovitskiy et al.,
2021; Radford et al., 2021; Bain et al., 2021; Berta-
sius et al., 2021) and textual information from sen-
tences (Sanh et al., 2019; Devlin et al., 2019). Es-
tablishing correspondence between video and tex-
tual feature representation can be further divided
into global and local matching. Global matching
focuses on capturing the overall semantic similar-
ity between the video and textual representation
(Zhu and Yang, 2020; Yang et al., 2020). Local
matching, instead, focuses on the similarity be-
tween fine-grained local features extracted from the
video frames and textual description (Zhao et al.,
2022; Cheng et al., 2021). Our work falls into the
global matching category, where we use contrastive
learning to learn stronger global representations of
visual and textual features.

2.3 Egocentric Video Datasets
Egocentric datasets, comprising videos and images
captured from a first-person perspective, are crucial
for developing applications in the fields of robotics,
human-computer interaction, and augmented real-
ity. Several datasets have been introduced to ad-
dress the unique challenges posed by the egocentric
perspective, such as object occlusions, motion blur,
occlusions, and varying lighting conditions. Ego4D
(Grauman et al., 2022) is a comprehensive dataset
encompassing 3,670 hours of videos with dense
textual narrations covering a diverse array of daily-
life activities. The EPIC-Kitchens dataset (Damen
et al., 2018) is another popular dataset, featuring
100 hours of egocentric recordings in 45 kitchens,
accompanied by multi-language narrations. Other
notable egocentric datasets include the GTEA (Li
et al., 2015), ADL (Pirsiavash and Ramanan, 2012),

and UTE (Sinha et al., 2015) datasets, which have
also been utilized for various egocentric video anal-
ysis tasks. These datasets facilitate the develop-
ment of models that understand the visual world
from the viewpoint of the person capturing the data.
We selected Ego4D for our study due to its large-
scale and diverse data, ensuring that the learned
embeddings are generalizable across a wide range
of real-world scenarios. Furthermore, the multi-
modal annotations and benchmarks provided by
the Ego4D dataset enable effective comparison of
our pretraining objectives with existing state-of-
the-art methods.

3 Approach

Our approach aims at training a model to learn
a good feature representation of video-language
by employing a two-fold strategy, as illustrated
in Fig. 2: (1) Contrastive learning: provide the
model with strong and weak negatives of neigh-
boring video clips from the same video, and (2)
Temporal Reordering: unshuffle the neighboring
video clips from the same video. We describe each
of these techniques in the subsequent sections.

3.1 Hard Negative Mining for
Video-Language Contrastive Learning

Contrastive learning is a widely used approach in
deep learning that seeks to learn an encoding func-
tion capable of mapping positive samples closer
to the anchor in the embedding space while simul-
taneously driving negative samples farther away
from the anchor. To achieve this, we have adapted
the EgoNCE loss function proposed in Lin et al.
(2022b).
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EgoNCE In EgoNCE, positive samples set P are
constructed by grouping samples within a batch B
that share similar verbs or nouns in their respective
narrations. This enables the model to learn to iden-
tify semantic similarities between samples. On the
other hand, negative pairs are constructed using a
hard negative mining strategy, where samples that
have different actions within the same video are
selected as negative samples. The objective can



Figure 2: Overview of our approach. We incorporate strong and weak hard negative mining via nearest neighbor
sampling along with temporal clip reordering to perform video-language pretraining.

be formulated as Equation (3.1), where B̃ consists
of all samples in B and a hard negative sample for
each sample, respectively (i.e., |B̃| = 2|B|). vi and
tj represents the embedding for video v and text
t. However, a potential issue with this approach is
that negative samples may be too dissimilar from
positive samples, rendering the contrastive learning
process ineffective.

Adaptation To address this issue, we propose
a novel negative sampling strategy that utilizes
nearby video segments from the same video as
negative samples to construct |B̃′|. By selecting
neighboring clips located one or two clips away
from the anchor, we ensure that the negative sam-
ples in |B̃′| have different actions while still being
close enough to the anchor to make the learning
process effective. This approach forces the model
to differentiate between subtle differences in the
visual field, leading to better overall performance.

3.2 Temporal Clip Reordering

Temporal reordering is motivated by the fact that
videos are inherently temporal in nature, and learn-
ing to reason about temporal relationships between
video clips is crucial for many video-related tasks.
Although prior work has not explicitly explored the
temporal unshuffling of video segments, our work
is inspired by methods such as MERLOT (Zellers
et al., 2021), which seek to extend the concept of

temporal loss from individual frames to sequences
of video clips. Building on this concept, our second
objective is to introduce a novel temporal reorder-
ing loss that encourages the model to learn tem-
poral reasoning by unshuffling sequences of video
clips.

Previous research in this area has typically in-
volved randomly selecting video clips and attempt-
ing to reorder the shuffled sequence. However,
these approaches often fail to consider the rela-
tionships between the selected video clips. For in-
stance, if the sampled video clips are far apart from
each other and lack an obvious connection, reorder-
ing these clips may not be meaningful, as even
humans would struggle to correctly order them
without additional information and context.

To address this limitation, we take into account
the contextual relationships between video clips.
Specifically, we leverage contextual information to
identify which video clips are likely to be related
by ordering nearby video clips, wherein the objec-
tive now is to compute similarity scores between
video-language embeddings of neighbors and re-
order clips such that m-step neighbors are closer
together in the embedding space compared to n-
step neighbors, where m > n. This enables our
model to reason about the temporal relationships
between video clips in a more meaningful and con-
textually relevant way. Additionally, it allows us



to intuitively restructure the embedding manifold
with a richer spatio-temporal prior, thereby improv-
ing the performance of our downstream task of
video-text retrieval.

4 Experiments

4.1 Implementation Details

In our experiments, we train on 10% of the Ego-
CLIP dataset, conducting five epochs per exper-
iment. We use a batch size of 8 and a learning
rate of 3 × 10−5 to optimize memory usage and
computational efficiency. To increase the diver-
sity and robustness of our model, we apply various
image augmentations at the video level, including
random cropping, color jitter, rotations, and other
transformations. We preprocess video frames by
resizing them to a resolution of 224 × 224 pix-
els and employ patches of size 16 in the vision
transformer for capturing fine-grained details. Our
model utilizes the TimeSFormer architecture as the
vision backbone, designed for efficient spatiotem-
poral data processing. We also incorporate Distill-
BERT for text embedding, ensuring effective mul-
timodal learning through the encoding of textual
information. We implement distributed training
across eight NVIDIA RTX 6000 GPUs to man-
age computational resources and memory require-
ments effectively. This setup allows us to complete
the training process for each experiment within a
24-hour timeframe, facilitating rapid iteration and
advancement of our research.

4.2 Dataset

We train our model on an evaluation set from the
EgoCLIP dataset, a subset of the Ego4D dataset
used for pretraining video-language models, con-
sisting of 3.8M video-text pairs, provided by (Lin
et al., 2022a). EgoCLIP is a 1st-person video-text
covering a diverse domain of daily human activi-
ties. EgoCLIP benefits from dense timestamp-level
narrations from two separate narrators. EgoCLIP
averages 21.9 clips per minute with an average clip
duration of 1.0 seconds and a standard deviation of
0.9 seconds. We visualize sample clips with their
associated narrations in Fig. 3.

4.3 Evaluation Metrics

We evaluate the proposed method on the Egocentric
Multiple-Choices-Question (EgoMCQ) benchmark
provided by EgoVLP (Lin et al., 2022b). EgoMCQ
is designed for evaluating video-text alignment in

egocentric videos. It contains questions created
from the Ego4D dataset and focuses on assessing
the ability of models to understand and align the
spatio-temporal information present in the videos
with corresponding textual descriptions. We visu-
alize samples from the EgoMCQ validation set in
Fig. 4.

There are two evaluation settings for the dataset.
In the inter-video setting, each multiple-choice
question consists of five video clips taken from dif-
ferent videos. This setting aims to test a model’s
ability to distinguish instances from different sce-
narios. In contrast, the intra-video setting presents
a more challenging task by grouping five contin-
uous clips together. This setting focuses on fine-
grained context clues and serves as a specific form
of video-text localization. The inter-video and
intra-video settings consist of 39k questions cover-
ing 198k narrations and 468 hours of video.

We evaluate the model performance via accu-
racy, i.e., whether the model can select the correct
answer from multiple choices. The intra-video set-
ting is particularly challenging as the intra-video
accuracy is around 50% from Lin et al. (2022b).
We aim to design better training methods that allow
models to better understand fine-grained context
clues in egocentric videos.

4.4 Comparison

We first create a baseline that tests the model given
by the EgoVLP paper with their contrastive loss
function, trained on only 10% of the data, where
negative samples are sampled randomly from the
same video. We then run our unique sampling
strategy that uses both strong and weak sampling.
Finally, we experiment with our own temporal re-
ordering function, using only our strong sampling
technique. This approach is motivated by the goal
of selecting video clips that are proximal to one an-
other and thus more likely to be temporally related,
forcing the model to learn their temporal ordering.
Conversely, if we selected far-away clips, it would
be unrealistic to expect the model to order clips
without giving the model more intermediate clips
or an additional input modality.

Our proposed model extends and improves upon
EgoVLP by focusing on a better understanding
of the temporal structure and fine-grained context
clues in egocentric videos. By introducing a harder
negative sampling objective along with a temporal
reordering objective, we expect our model to out-



(a) ties the vegetable with a band.

(b) moves the right hand.

(c) C stretches his left hand.

(d) A man moves hand from the table.

Figure 3: Visualization of clip-text pairs. We visualize five frames sampled uniformly for each clip and take its
narration as its caption.

perform EgoVLP, particularly in more challenging
tasks such as the intra-video setting of the Egocen-
tric Multiple-Choice Question (EgoMCQ) bench-
mark.

4.5 Results

In Table 1, we present the experimental results
comparing our method with the EgoVLP baseline
for different training settings. The table compares
the performance of the methods using only 10% of
the training data, under varying epochs, sampling
strategies, and temporal reordering conditions. The
EgoMCQ accuracy is reported for both intra-video
and inter-video scenarios.

Focusing on the results for the models trained
on 10% of the data, we observe that our method
outperforms the EgoVLP baseline in both intra-
video and inter-video accuracy. Specifically, when
comparing our method with the EgoVLP baseline
trained for 5 epochs using the random sampling
strategy, our strong plus weak contrastive learning

method achieves an inter-video accuracy of 84.0%
and an intra-video accuracy of 47.3%, while the
EgoVLP baseline reports an inter-video accuracy
of 82.9% and an intra-video accuracy of 46.2%.

Furthermore, our method, when employing a
strong sampling strategy with temporal reorder-
ing, achieves an inter-video accuracy of 84.3% and
maintains the same intra-video accuracy (47.3%)
as our method without temporal reordering. This
suggests that our proposed method is more robust
and effective in handling the challenging NLQ task
on egocentric videos, even when using a reduced
amount of training data.

5 Discussion

In this study, we proposed a novel approach to
learning the temporal structure of long-horizon
egocentric videos by pretraining a large video-
language model on the Ego4D dataset. Our method
demonstrated promising results, outperforming ex-
isting SOTA methods on the challenging EgoMCQ



(a) #C C looks around 
in the kitchen.

(b) #C C removes his 
right hand from the 
mixer.

(c) #C C washes his 
hands

(d) #C C drops the 
piece of cardboard 
paper on the ground 
with his right hand.

(d) #C C  adjusts wood

(a)#C C hits the 
wooden plank with the 
hammer in his right 
hand.

(b) #C C closes the tap (c) #C C puts the the 
canary melon on the 
table

(d) #C C Operates a 
desktop

(d) #C C place the leash 
in her left hand

Question 2:
#C C hits the 
wooden plank 
with the hammer 
in his right hand.

Question 1:
#C C  adjusts 
wood

(a) #C C washes a 
motor bike with a 
sponge

(b) #C C bends a cable 
using a cable stripper

(c) #C C holds the rope 
with his left hand

(d) #C C scoops seeds 
from the sack into the 
plastic cup.

(d) #C C looks around 
the kitchen

Question 3:
#C C bends a 
cable using a 
cable stripper

Question 4:
#C C sprays the 
disinfectant on 
the sink

(a) #C C wipes his 
hands

(b) #C C sprays the 
disinfectant on the sink

(c) #C C places the 
wood on the table saw

(d) #C C adjusts the bag 
with his left hand

(e) #C C holds the piece 
of wood with both 
hands.

(a) Inter-video setting

(a) #C C takes off the 
pancake

(b) #C C puts the 
pancake in the hotpot

(c) #C C picks the flour 
solution

(d) #C C scoops the 
solution with the spoon

(d) #C C pours the 
solution in the pan

(a) #C C holds the sisal 
fiber

(b) #C C pulls the sisal 
fiber

(c) #C C holds the plant (d) #C C ties the plants (d) #C C uproots a plant 
from the ground

Question 2:
#C C pulls the 
sisal fiber

Question 1:
#C C takes off the 
pancake

(a) #C C takes the 
dinner knife.

(b) #C C rinses the 
dinner knife.

(c) #C C places the 
dinner  knife in the dish 
rack.

(d) #C C takes a 
chopping board.

(d) #C C washes the 
chopping board.

Question 3:
#C C washes the 
chopping board.

Question 4:
#C C picks out a 
case from the 
drawer with his 
left hand.

(a) #C C opens a 
drawer with his left 
hand.

(b) #C C places the 
wheel wrench into the 
drawer.

(c) #C C closes the 
drawer with his left 
hand.

(d) #C C picks out a 
case from the drawer 
with his left hand.

(e) #C C opens the case 
with his both hands.

(b) Intra-video setting

Figure 4: Visualization of EgoMCQ under two settings. Left are the text questions; Right are the five candidate
clips for each question and the text below as clip’s narrations. The correct clip’s narration is highlighted in green
and the wrong in red.



Method Training Data Epochs Sampling EgoMCQ Acc (%)
Inter-Video Intra-Video

InfoNCE 100 % 10 Random 89.4 51.5
EgoVLP (NeurIPS ’22) 100 % 10 Random 90.6 57.2

EgoVLP (NeurIPS ’22) 10 % 5 Random 82.9 46.2
Ours 10 % 5 Strong + Weak 84.0 47.3

Ours w/ reordering 10 % 5 Strong 84.3 47.3

Table 1: Performance on the EgoMCQ benchmark provided by EgoVLP (Lin et al., 2022b) Our strong + weak
sampling strategy for contrastive learning outperforms EgoVLP in both intra-video and inter-video accuracy when
trained on 10% of the EgoCLIP training data. Additionally, adding temporal reordering to the loss objective further
improves accuracy in the inter-video setting.

benchmark. However, there are some limitations
to our approach, and we identify possible future
directions to improve upon the current work.

5.1 Strengths
Our two-fold approach to training combines both
hard negatives of neighboring video clips and
a temporal reordering objective within the con-
trastive loss. This strategy significantly improves
the model’s ability to learn the temporal ordering
of video-language embeddings, leading to better
performance on downstream tasks. Moreover, the
adoption of the TimeSFormer architecture enables
a fair comparison to benchmark performances on
downstream tasks in the EgoVLP framework.

5.2 Limitations
Despite our model’s ability to reorder temporal
sequences, it may still be unable to capture the
long-term temporal dependencies required for a
comprehensive understanding of the egocentric ac-
tivities in the videos. Additionally, we were unable
to train our model on the full EgoVLP dataset due
to the computational demands posed by the TimeS-
Former architecture.

5.3 Future Work
Several potential avenues for future research can
be considered to build upon our current work:

1. Further downstream evaluation: Evaluate the
performance of our pretrained model on ad-
ditional downstream tasks, such as natural
language queries (NLQ), visual question an-
swering (VQA), and moment query tasks, to
establish its generalizability and utility.

2. Improved temporal reordering: Investigate
more sophisticated temporal reordering tech-

niques to enhance the model’s ability to cap-
ture complex temporal dependencies between
actions in egocentric videos.

3. Hyperparameter tuning: Conduct an extensive
search for optimal hyperparameters to max-
imize the performance of the model on the
EgoMCQ benchmark and other downstream
tasks.

4. Explore newer video transformers: Investigate
the potential benefits of incorporating more
recent video transformer architectures, such
as VideoMAE and VideoMAEv2, to further
improve the model’s ability to learn temporal
structures in long-horizon egocentric videos.

By addressing these limitations and exploring fu-
ture directions, we aim to further advance the field
of egocentric video understanding and its applica-
tions in robotics, augmented reality, and human-
computer interaction.

6 Conclusion

In this paper, we presented a novel approach to
learning the temporal structure of long-horizon
egocentric videos by pretraining a large video-
language model on the Ego4D dataset. Our two-
fold method, combining hard negative mining and
temporal clip reordering, effectively improves the
model’s ability to learn temporally robust video-
language embeddings. Our approach demonstrates
significant performance gains on the EgoMCQ
benchmark, outperforming state-of-the-art meth-
ods, such as EgoVLP. Future research will focus on
refining our method and exploring newer architec-
tures to further improve performance on complex,
real-world scenarios from an egocentric perspec-
tive.
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