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Abstract

AI personal assistants, deployed through robots or wearables,
require embodied understanding to collaborate effectively
with humans. However, current Multimodal Large Language
Models (MLLMs) primarily focus on third-person (exocen-
tric) vision, overlooking the unique challenges of first-person
(egocentric) videos. Additionally, high acquisition costs limit
data size, impairing MLLM performance. To address these
challenges, we propose learning the mapping between ex-
ocentric and egocentric domains, leveraging the extensive
exocentric knowledge within existing MLLMs to enhance
egocentric video understanding. To this end, we introduce
Ego-ExoClip, a pre-training dataset comprising 1.1M syn-
chronized ego-exo clip-text pairs derived from Ego-Exo4D,
together with the instruction-tuning dataset EgoIT, which
is collected from multiple sources to enhance the model’s
instruction-following capabilities. Building upon the datasets,
we propose a migration strategy and further design a progres-
sive mapping learning pipeline with three stages: Demonstra-
tor Self-Preparation, Demonstrator-Learner Guidance, and
Learner Self-Practice. Extensive experiments across diverse
egocentric tasks reveal that existing MLLMs perform inade-
quately in egocentric video understanding, while our model
significantly outperforms these leading models.

Code — https://reurl.cc/Ebpyrm

Introduction
An outsider can see things more clearly or objectively than
those involved.

– The Old Book of Tang

Embodied cognition theory posits that cognitive processes
are fundamentally shaped by interactions with the physical
environment (Johnson 2015). In this context, understanding
egocentric videos that capture human active perception and
fine-grained action from a first-person perspective provides a
vital pathway for artificial intelligence to understand human
experiences. The challenge of analyzing egocentric videos
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Figure 1: Our Exo2Ego model achieves optimal results
across various egocentric video understanding tasks, with
the detailed results presented in Table 2.

arises from the dynamic interplay between the movements
of the camera-wearer (i.e., self) and the surrounding envi-
ronment (i.e., other), which distinguishes them from exocen-
tric videos observed from a third-person perspective, where
this direct experience is absent. The potential applications
of this technology span a wide range, including visual aids,
smart glasses, and immersive experiences in virtual and aug-
mented reality.

In response to the increasing demand for effective ego-
centric video analysis, several research tasks have emerged,
such as egocentric action recognition (Shiota et al. 2024;
Zhang et al. 2024a), episodic memory (Feng et al. 2024;
Wang et al. 2022; Feng et al. 2025), human-object inter-
action (Jiang et al. 2023), and action anticipation (Chu
et al. 2025b,a). However, the diverse architectures employed
across these tasks lead to significant fragmentation in the
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Figure 2: Understanding how humans map observed activ-
ities to their own behaviors enhances embodied cognition
across various downstream tasks by transferring insights
from existing Internet (i.e., exocentric) data.

field. With the success of existing Multimodal Large Lan-
guage Models (MLLMs) (Wang et al. 2025; Zhang et al.
2025), there is an emerging trend toward developing a uni-
fied egocentric MLLM architecture capable of addressing
multiple tasks within the egocentric domain. A significant
obstacle in this direction is the limited availability of ego-
centric video data, which is crucial for effectively training
large-capacity models (Wang, Singh, and Torresani 2023).
Consequently, an increasing number of methods (Li et al.
2021; Xue and Grauman 2023; Luo et al. 2025; Dou et al.
2024) are now retrieving suitable exocentric videos from
the predefined set to aid in model training for downstream
tasks. While these approaches exhibit empirical advantages
in transferring knowledge from exocentric to egocentric rep-
resentations, they incur additional retrieval time and suffer
from misalignment, leading to instability in model perfor-
mance.

Drawing inspiration from cognitive science (Shi et al.
2024; Zhang et al. 2023), which demonstrates that children
learn by observing others’ behavior (i.e., an exocentric view)
and mapping these observations onto their own experiences
(i.e., an egocentric perspective), we conceptualize the exo-
centric video observer as the “demonstrator” and the ego-
centric video interpreter as the “learner”. Our objective is to
establish a robust mapping pattern between the two, as illus-
trated in Figure 2, offering two key advantages: 1) Weak De-
pendence. Leveraging the learned mappings, the model can
flexibly tackle downstream tasks without relying on cross-
domain data, thereby mitigating additional biases. 2) Strong
Generalization. By emulating human learning, these map-
ping techniques significantly enhance the model’s general-
ization capabilities, reducing the need for extensive egocen-
tric training data in MLLMs.

To further this approach, we propose an exocentric-
to-egocentric migration strategy with an egocentric self-
consistency mechanism grounded in cross-view behavior in-
variance. By embedding this strategy within MLLMs, we

design a mapping learning pipeline comprising three stages:
Demonstrator Self-Preparation, Demonstrator-Learner
Guidance, and Learner Self-Practice. By transferring ex-
ocentric knowledge, this pipeline boosts egocentric under-
standing and improves downstream performance. Further-
more, to satisfy the demand for synchronized cross-domain
data, we introduce the Ego-ExoClip dataset, an advanced
first- and third-person video-text dataset containing 1.1M
egocentric-exocentric clip-text pairs. And we also construct
an enriched instruction-tuning dataset, EgoIT, sourced from
multiple egocentric contexts to improve the instruction-
following capabilities. As shown in Figure 1, abundant re-
sults demonstrate that our framework achieves superior re-
sults, highlighting its effectiveness in advancing egocentric
video understanding.
Contributions: 1) Based on behavior invariance, we pro-
pose a knowledge transfer strategy and integrate it into
the training paradigm of MLLMs, resulting in a three-
stage mapping learning process. 2) To support training, we
construct a synchronized exo-ego video-text dataset, Ego-
ExoClip, as well as an instruction-tuning dataset, EgoIT,
collected from multiple sources. 3) Extensive experimental
results on various benchmarks validate the effectiveness of
our proposed datasets and methods, and further promote re-
search in embodied cognition.

Related Work
Egocentric Video Understanding. Egocentric videos of-
fer a distinctive perspective for active engagement with
the physical world, capturing human interactions from a
first-person viewpoint. A variety of datasets have been de-
veloped to support research in this field, including EPIC-
KITCHENS (Damen et al. 2020), which focuses on kitchen
activities; Charades-Ego (Sigurdsson et al. 2018), which
highlights diverse everyday tasks; and Ego4D (Grauman
et al. 2022), which provides a globally diverse collection of
egocentric videos. These datasets have driven the growth of
multiple research areas, such as video-text pre-training (Lin
et al. 2022; Pramanick et al. 2023), video question an-
swering (Di and Xie 2024; Zhang et al. 2024b, 2021),
human-object interaction (Akiva et al. 2023), action antic-
ipation (Ragusa, Farinella, and Furnari 2023; Shen and El-
hamifar 2024), episodic memory (Ramakrishnan, Al-Halah,
and Grauman 2023; Feng et al. 2024), and pose percep-
tion (Millerdurai et al. 2024). Despite these advancements,
the high cost of data collection remains a major limita-
tion, constraining dataset scale and, in turn, the effective-
ness of the models trained on them. In response, recent
work (Wang et al. 2023; Xue and Grauman 2023; Truong
and Luu 2024) has begun exploring the use of unpaired
exocentric videos to enhance egocentric video comprehen-
sion. However, leveraging unpaired exocentric data intro-
duces inherent biases that can negatively affect model sta-
bility and accuracy. To address this issue, we introduce a
pairwise egocentric-exocentric dataset with diverse activi-
ties and leverage the exocentric knowledge embedded in
MLLMs to improve egocentric video understanding.
Multimodal Large Language Model. Large Language
Models (LLMs) (Touvron et al. 2023; Wen et al. 2024),
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Figure 3: Illustration of the construction of Ego-ExoClip.

trained on vast datasets from the Internet, have demonstrated
remarkable proficiency across a wide range of language
tasks through text generation. Building upon the success of
LLMs and the promise of multimodal data, there is growing
scholarly interest in exploring MLLMs. Early MLLMs focus
on integrating static images with text, with landmark work
such as Flamingo (Alayrac et al. 2022) and BLIP-2 (Li et al.
2023), significantly expanding the capabilities of LLMs for
multimodal tasks. Recent open-source MLLMs, including
LLaVA (Liu et al. 2024) and InstructBLIP (Dai et al. 2023),
further advance visual understanding by introducing visual
instruction-tuning data. Beyond static images, recent stud-
ies have started to explore the incorporation of video data
into LLMs, unlocking new potential for video comprehen-
sion tasks. Innovations such as LLaMA-VID (Li, Wang,
and Jia 2023), Video-LLaVA (Lin et al. 2023), and Vide-
oLLaMA2 (Cheng et al. 2024) aim to improve the align-
ment of video data with LLMs. Additionally, methods like
VideoChatGPT (Maaz et al. 2023) and VideoChat2 (Li et al.
2024) utilize ChatGPT to generate video instruction-tuning
data, enhancing instruction-following capabilities. Despite
these advancements, existing MLLMs exhibit limited per-
formance on egocentric video understanding tasks (Wang,
Singh, and Torresani 2023). Therefore, our objective is to
unify various downstream tasks and significantly enhance
the capabilities of MLLMs in the embodied cognition do-
main.

Dataset Construction
In this section, we provide a detailed overview of the con-
structed Ego-ExoClip dataset, which is employed in Stages
1 and 2, along with the instruction-tuning dataset, EgoIT,
developed for Stage 3 of the training process.

Ego-ExoClip
The Ego-ExoClip dataset is derived from Ego-
Exo4D (Grauman et al. 2024), which comprises 5,035

grouped videos ranging in length from 1 to 42 minutes.
Each group contains one egocentric video paired with 4–5
simultaneously captured exocentric videos. Most of these
videos include dense timestamp-level narrations provided
by two annotators, detailing the camera wearer’s activities
and interactions. For example, as shown in Figure 3, the
narration “C cracks the egg open in the bowl on the coun-
tertop with both hands” corresponds to an event occurring
at 622.47 seconds, where “C” refers to the camera-wearer.

To ensure data quality and consistency, we filter out
videos without narrations, those lacking UID mappings1,
and those designated for validation or testing in benchmark
challenges. This process yields a refined dataset of 2,925
video groups, totaling 15,478 videos, all validated to guar-
antee lossless quality. For incorporating narration diversity,
we retain textual annotations from both narrators, resulting
in 623.6 hours of videos and 261.3K narrations.

Given that the narrations in Ego-Exo4D are annotated
at single timestamp rather than as time intervals, we ex-
tend the timestamp-level narrations to the clip-level. Specif-
ically, narrations are organized as a sequence of sentences
{S0, ...,Sn} with corresponding timestamps {t0, ..., tn}, in-
dicating that an event i described by Si occurred at time ti,
where n denotes the total number. For a narration Si with
timestamp ti, we define the corresponding clip Ci with the
following start tsi and end tei timepoints:{

tsi = Max(ti − βi/2α, ti−1),

tei = Min(ti + βi/2α, ti+1),
(1)

where βi is a parameter representing the average tempo-
ral distance between consecutive narrations, calculated as∑n−1

j=0 (tj+1 − tj)/n. This value is calculated for each video
individually, with α serving as a scale factor derived from
the average of all βi across the entire Ego-ExoClip dataset
(α = 1.92 seconds). To ensure that a description does not
span multiple clips, we utilize the preceding and following
timestamps as boundary markers.

EgoIT
To enhance the instruction-following capabilities of MLLMs
for downstream egocentric tasks, we introduce the EgoIT
dataset, which comprises approximately 600K samples
sourced from multiple distinct domains. All data samples
are standardized into a uniform format. Each sample con-
sists of four main components: the video path, task instruc-
tion, question, and answer. To ensure diversity in instruc-
tions, we integrate the “dataset description”, “task descrip-
tion”, and “instruction example” information into a prompt
template, using GPT-4o2 to generate ten distinct instructions
per dataset.

Our instruction-tuning EgoIT dataset can be broadly cat-
egorized into three areas: 1) Action Recognition, which fo-
cuses on enhancing the identification of hand-object inter-
actions. We utilize the EGTEA (Li, Liu, and Rehg 2021)
and Something-Something-V2 (Goyal et al. 2017) datasets

1UID mapping associate narrations and corresponding videos.
2https://openai.com/index/hello-gpt-4o/.
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within the egocentric setting. 2) Question Answering, which
aims to improve the ability to answer questions based on
video content. We include the EgoTimeQA (Di and Xie
2024) and OpenEQA (Majumdar et al. 2024) datasets, en-
compassing both open-ended and close-ended questions.
And 3) Captioning, which pays attention to enhancing
basic visual description capabilities, utilizing the EgoEx-
oLearn (Huang et al. 2024) dataset for this purpose.

Method
Under limited data conditions, bridging the gap between ex-
ocentric and egocentric domains is essential for improving
the performance of MLLMs on various egocentric tasks. To
tackle this challenge, we propose a progressive multimodal
training paradigm, as illustrated in Figure 4. We describe
each step in detail below.

Initialization
The goal of the initialization is to equip both the exocentric
and egocentric visual encoders with foundational capabil-
ities to process their respective data types. We tackle this
by training the encoders separately using data from both
domains. For the exocentric visual encoder, we utilize a
large-scale, web-crawled dataset comprising image-text and
video-text pairs from various publicly accessible databases,
as summarized in Table 1. For the egocentric visual encoder,
we employ the EgoClip (Lin et al. 2022) dataset, which
includes a wide range of first-person daily activities. Dur-
ing this training phase, the parameters of LLM are frozen,
and we optimize only the two visual encoders. The trained
parameters of visual encoders then serve as initialization
weights for the subsequent three-stage process.

Stage 1: Demonstrator Self-Preparation
After initialization, the exocentric visual encoder (the
demonstrator) must adapt to the Ego-ExoClip dataset, de-
spite already being proficient at understanding exocentric

videos. To achieve this, we implement a self-preparation
step to ensure that the exocentric encoder is adequately pre-
pared to transfer its knowledge to the egocentric branch. As
shown in Figure 4, we freeze the LLM parameters and fine-
tune the exocentric visual encoder using exocentric clip-text
data from our proposed Ego-ExoClip dataset. For supervi-
sion, we employ Vision-grounded Text Generation (VTG)
loss to ensure data accuracy.

Stage 2: Demonstrator-Learner Guidance
In the second stage, we aim to establish a robust correlation
between the exocentric and egocentric data, effectively map-
ping the learner to the demonstrator. This mapping is essen-
tial, as exocentric knowledge can significantly enhance the
comprehension of egocentric videos, given that human be-
haviors are largely perspective-invariant and independent of
camera viewpoint. For this stage, we continue to adopt Ego-
ExoClip as input data. With the exocentric visual encoder
sufficiently trained, we freeze it to maintain its integrity. We
also freeze the LLM while fine-tuning the egocentric visual
encoder and the mapping functions F and G. The mapping
F : X → Y is inherently under-constrained, prompting us
to couple it with an inverse mapping G : Y → X , where
X and Y denote the egocentric and exocentric domains, re-
spectively. Both mappings are treated as bijections, and we
enforce this structural assumption by training them simul-
taneously while applying a Cycle Consistency Loss (CCL),
defined as:

LCCL(F,G) = Ex [∥G(F (x))− x∥1]
+ Ey [∥F (G(y))− y∥1] ,

(2)

where x ∈ X , y ∈ Y , and ∥∥1 denotes the L1 norm.
The CCL encourages both forward cycle consistency, i.e.,
x → F (x) → G(F (x)) ≈ x, and backward cycle consis-
tency, i.e., y → G(y) → F (G(y)) ≈ y. Additionally, we in-
troduce the Kullback–Leibler (KL) divergence between the
exocentric sample y and the estimated exocentric sample
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Process Dataset Total
Exo Ego

Initialization Panda-70M, WebVid-10M, VIDAL-10M, InternVid-10M 103M 3.8MCC-3M, DCI-7.8K, EgoClip-3.8M
Stage 1 Ego-ExoClip-1.1M 1.1M -
Stage 2 Ego-ExoClip-1.1M 1.1M 261K

Stage 3 OpenEQA-1.6K, EgoTimeQA-303K, Something-Something-V2-221K - 586KEGTEA-15K, EgoExoLearn-45K

Table 1: Overview of the datasets utilized in the multiple training stages, detailing their sources and scales.

Method ES QAEgo4D EgoTaskQA CE EK EP VLN-QA EgoMCQ
Acc. Acc. Acc./Score Acc. Acc. mAP mAP Acc. Acc. Acc. Acc.

Specific Egocentric Methods
EgoVLP - 22.6 17.3/1.9 42.5 38.7 25.0 26.0 - - - -

EgoVLPv2 - 25.8 19.7/2.1 46.3 42.3 30.7 29.1 15.3 10.4 72.3 30.6
MFAS - 37.1 23.2/2.2 48.7 45.4 37.4 30.3 17.2 9.5 77.5 34.2

GroundVQA - 50.2 29.0/2.6 - - 42.5 - 22.7 17.4 80.3 37.1
LaViLa++ - - - - - 40.8 - 20.9 11.0 75.4 33.7

Zero-shot Closed-source MLLMs
Gemini 1.5-Pro 71.2 - - - - - - - - - -

GPT-4o 72.2 60.3 29.1/3.0 43.2 47.5 59.4 45.3 36.8 34.0 86.6 38.8
Zero-shot Open-source MLLMs

LLaMA-VID 38.5 38.6 23.5/2.0 29.0 31.6 31.0 46.1 27.2 32.3 56.5 23.5
Video-LLaVA 38.4 35.2 28.7/2.7 29.8 30.6 43.5 45.2 27.5 34.0 60.9 25.1
VideoLLaMA2 51.7 48.5 25.3/2.6 42.1 42.6 68.1 47.8 29.3 37.5 82.1 32.0

VideoChat2 54.4 45.4 21.9/1.7 42.3 47.4 57.0 42.6 26.1 35.0 85.1 37.6
Qwen2.5-VL 57.6 55.3 26.4/2.8 42.6 45.8 64.2 46.4 32.5 34.3 85.3 38.2

Exo2Ego 61.3 62.1 28.3/2.7 44.7 50.3 70.9 49.7 42.7 44.5 88.4 41.2

Table 2: Performance comparison with recent state-of-the-art methods methods on eight benchmarks, where ES, CE, EK, and
EP refer to EgoSchema, Charades-Ego, EPIC-KITCHENS-100, and EgoPlan. The QAEgo4D dataset is categorized into close
and open question answering, EgoTaskQA includes direct and indirect subsets, and EgoMCQ contains inter and intra settings.
The best results among open-source MLLMs are highlighted in bold.

ŷ = F (x), aligning real and estimated exocentric feature
distributions. The concatenated guidance from the demon-
strator and the learner’s own information is then fed into the
LLM.

Stage 3: Learner Self-Practice
In the final stage, we focus on enhancing the instruction-
following capabilities of MLLMs to address diverse ego-
centric downstream tasks. To achieve this, we employ the
instruction-tuning data EgoIT. By concatenating the repre-
sentations of the egocentric sample x and its corresponding
mapped exocentric sample F (x), we create a comprehensive
semantic input for the LLM. To ensure the LLM aligns its
responses more effectively with task instructions, we apply
Low-Rank Adaptation (LoRA) to the frozen LLM, tuning
it alongside the visual encoder and the mapping function F
using VTG loss.

Experiment
Implementation Details
Datasets. The datasets employed in each stage of train-
ing are summarized in Table 1, showcasing a substan-

tial amount of vision-text data across various types. Af-
ter training, we evaluated our model on multiple bench-
marks, which includes eight tasks with multiple configu-
rations: EgoSchema (Mangalam, Akshulakov, and Malik
2023) for reasoning, QAEgo4D (Bärmann and Waibel 2022)
for episodic memory, Charades-Ego (Sigurdsson et al. 2018)
for action recognition, EPIC-KITCHENS-100 (Damen et al.
2022) for multi-instance retrieval, VLN-QA (Krantz et al.
2020) for egocentric navigation, EgoPlan (Chen et al. 2023)
for planning, EgoMCQ (Lin et al. 2022) for alignment, and
EgoTaskQA (Jia et al. 2022) for hybrid tasks.
Model. Our model is built upon the VideoLLaMA2 (Cheng
et al. 2024) baseline. We consistently utilized the CLIP-
Large-336 as the visual encoders and Mistral-7B-Instruct as
the LLM. The mapping functions F and G consist of nine
ResNet blocks between the down-sampling and up-sampling
operations. In Stage 3, we incorporated LoRA into the LLM,
with a rank set to 128, an alpha value of 256, and a dropout
rate of 0.1. All experiments are conducted using the PyTorch
framework on 16 A800 GPUs.
Baselines. We selected three categories of methods as com-
parative baselines, including specific approaches tailored for
the egocentric domain (e.g., GroundVQA (Di and Xie 2024)
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and LaViLa++ (Xu et al. 2025)), closed-source MLLMs
(e.g., GPT-4o), and open-source MLLMs (e.g., VideoL-
LaMA2 (Cheng et al. 2024) and Qwen2.5-VL (Bai et al.
2025)). Except for LLaMA-VID (Li, Wang, and Jia 2023)
and Video-LLaVA (Lin et al. 2023), which use fixed input
settings of 1 fps and 8 frames respectively, all other models
adopt a 16-frame configuration to ensure a fair comparison.

Quantitative Evaluation
Tables 2 presents the experimental results with different su-
perior methods across various tasks and settings, which can
be analyzed as follows:
• The experimental results on the reasoning and episodic

memory tasks (i.e., the first three benchmarks) indicate
that, in a zero-shot setting, MLLMs achieve performance
comparable to specialized egocentric methods, highlight-
ing their strong generalization capability across data do-
mains. Notably, our Exo2Ego method significantly sur-
passes all open-source MLLMs and egocentric-specific
methods under nearly all settings across the three ego-
centric evaluation benchmarks.

• The results on the fourth and fifth benchmarks present
zero-shot performace on action recognition (Charades-
Ego) and multi-instance retrieval (EPIC-KITCHENS-
100). Our Exo2Ego method demonstrates consistent im-
provements over all baselines across all metrics for both
tasks, validating its effectiveness in understanding the de-
tails of hand-object interactions.

• Planning and navigation are critical tasks in the do-
main of egocentric understanding. The sixth and seventh
columns summarize our method’s performance against
existing baselines. The results reveal that open-source
MLLMs exhibit accuracy rates concentrated between
26.0% and 32.5% on EgoPlan, highlighting their limita-
tions for planning. In contrast, our method significantly
outperforms all competitors, including GPT-4o (5.9%
and 10.5% absolute gains), demonstrating its strong ca-
pability to effectively tackle diverse egocentric tasks.

• Video-text matching, a fundamental alignment task, is
also crucial for comprehensive evaluation. As shown in
the final column, our Exo2Ego approach consistently
achieves the best performance across both settings, fur-
ther demonstrating its superiority in generating accurate
visual descriptions.

Ablation Study
In this section, we conducted a comprehensive analysis of
how our model architecture, parameter update, training data,
and training strategy impact overall performance.
Model Architecture. As summarized in Table 3, we inves-
tigated the impact of the mapping functions, LoRA, and
loss functions on model performance. Comparing results 1
and 2, we observed that the introduction of LoRA signif-
icantly improves instruction-following capabilities, leading
to enhanced performance across various tasks. This high-
lights LoRA’s effectiveness in refining the model’s ability to
follow complex instructions. The third experiment utilizes
only forward cycle consistency, resulting in a performance

Num Mapping LoRA Loss Avg
F G KL CCL

1 ✓ ✓ ✓ ✓ ✓ 55.6
2 ✓ ✓ ✗ ✓ ✓ 53.2 ↓
3 ✓ ✗ ✓ ✓ ➩ 54.9 ↓
4 ✓ ✗ ✓ ✓ ✗ 54.4 ↓
5 ✓ ✓ ✓ ✗ ✓ 51.4 ↓
6 ✰ ✰ ✓ ✓ ✓ 54.7 ↓

Table 3: Performance comparison of different model ar-
chitecture. The LLM is fixed at Mistral-7B-Instruct-v0.2,
“✰” denotes replacing the existing modules with fully con-
nected networks, and “➩” represents removing backward
cycle consistency, using only the forward direction. “Avg”
is the average performance across all metrics in Figure 1.

Num Stage 2 Stage 3 AvgExo ViEnc Ego ViEnc Ego ViEnc
1 � \ \ 55.6
2 \ \ \ 54.9 ↓
3 � \ � 52.5 ↓

Table 4: Effects of different parameter update settings.

decline and highlighting the importance of the full bidirec-
tional loss design. In the comparison between results 1 and
4, we found that the mapping G and CCL loss play a critical
role in establishing an effective mapping between the ego-
centric and exocentric domains, thereby improving perfor-
mance on downstream egocentric tasks. In the fifth exper-
iment, we removed the KL loss, which incorporates guid-
ance from exocentric data. The performance gap between
this result and result 1 reinforces the importance of exocen-
tric knowledge in enhancing egocentric video understand-
ing. In the sixth experiment, we replaced the existing map-
ping functions with fully connected networks, which led to
a slight performance decline. This suggests that more com-
plex network architectures are capable of learning improved
mapping transformations.
Parameter Update. The choice of visual encoders plays a
crucial role in determining overall model performance, as
detailed in Table 4. In the second experiment, we simulta-
neously fine-tuned both the exocentric and egocentric visual
encoders during Stage 2, allowing the teacher and student
to learn from each other. Comparing results 1 and 2, we
observed that fine-tuning both encoders together may lead
to the establishment of a neutral mapping between the do-
mains, which ultimately results in poorer downstream per-
formance. The gap between results 1 and 3 emphasizes the
importance of maintaining more learnable parameters for vi-
sual adaptation during instruction fine-tuning.
Training Data. To assess the influence of training data on
the model performance, we conducted experiments using
VideoLLaMA2 (Cheng et al. 2024) as a baseline, as summa-
rized in Table 5. Notably, VideoLLaMA2 adopts the same
backbone architecture as our framework, including visual
encoder and LLM. In the second row of results, we added
the EgoClip dataset, which is aligned with the egocentric
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EgoClip Ego-ExoClip EgoIT Avg
✗ ✗ ✗ 38.9
✓ ✗ ✗ 45.2 ↑
✓ ✓ ✗ 47.8 ↑
✓ ✓ ✓ 49.7 ↑
✓ ✓ ✓ 55.6 (Ours)

Table 5: Effect comparison across different datasets. The re-
sults in the first four rows are from VideoLLaMA2, using
the same backbone as our method.
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Figure 5: Accuracy comparison across different stages.

domain. The improved performance suggests that training
on data closely related to the downstream tasks leads to bet-
ter domain knowledge. Compared to result 2, result 3 in-
corporates the Ego-ExoClip data and achieves further per-
formance improvements. This validates the effectiveness of
our constructed dataset. The fourth result indicates a signif-
icant improvement over the third result, demonstrating that
our egocentric instruction-tuning data EgoIT enhances adap-
tation to downstream egocentric tasks. The performance gap
between the last two rows indicates that, even when using
the same datasets, our framework still exhibits a significant
advantage. This demonstrates the superiority of our dual-
encoder architecture and transfer-based training strategy.
Training Strategy. To quantify the contribution of each
training stage, we evaluated each stage separately and the
results are shown in Figure 5. The results show that pre-
training establishes a foundation for basic egocentric video
comprehension, while mapping learning in Stage 2 effec-
tively aligns cross-domain data, yielding competitive perfor-
mance. Moreover, the enhanced instruction-following capa-
bility achieved in Stage 3 further improves performance on
downstream tasks. These results substantiate the efficacy of
our three-stage training pipeline.

Qualitative Comparison
To visually compare the performance of different MLLMs,
we presented several qualitative examples in Figure 6. In
Figure 6(a), both baselines struggle with accurately inter-

Summarize the process c uses to prepare her brush for painting
and how it contributes to the artwork's quality.

Skillfully, c mixes paint on the paint board using the brush in
her right hand, which enables her to effortlessly create a wide
variety of different colors and shades for her artwork.
C cleans the paint brush in her right hand in the small cup on
the floor, which helps to keep the brush clean and free of debris.
C loosens the color intensity on the paint brush in her right hand
in the small cup on the floor, which allows her to create a more
subtle and nuanced effect.

Considering the progress shown in the video and my current 
observation in the last frame, what action should I take next in 
order to chop vegetables?

Take knife. Move knife on table. Place chopping board.

(a) Example in EgoSchema

(b) Example in EgoPlan

VideoLLaMA2 VideoChat2 Exo2Ego

Figure 6: Two examples from different benchmarks.

preting the video content. VideoLLaMA2 erroneously as-
sumes the camera-wearer is mixing paint with a brush, while
VideoChat2 mistakenly believes the brush is being cleaned.
In contrast, our Exo2Ego method correctly identifies that the
camera-wearer is diluting the color on the brush, showcas-
ing its superior understanding and inference capabilities for
visual details. In the second example from EgoPlan dataset,
which evaluates planning abilities, our model demonstrates
a clear understanding of the temporal relationships between
actions. Unlike the two baselines, which provide incorrect
predictions, our model accurately identifies the correct se-
quence of actions required to achieve the goal.

Conclusion
In this paper, we propose Exo2Ego, a unified framework
that significantly advances egocentric video understand-
ing by cost-effectively transferring rich exocentric knowl-
edge from MLLMs. To enable robust cross-view represen-
tation learning, we introduce Ego-ExoClip, a large-scale
dataset comprising 1.1 million synchronized egocentric-
exocentric clip-text pairs. Additionally, we curate EgoIT,
an egocentric instruction-tuning dataset designed to fur-
ther enhance instruction-following capabilities. By leverag-
ing a novel exocentric-to-egocentric migration strategy and
a progressive three-stage training pipeline, Exo2Ego effec-
tively bridges the domain gap and promotes egocentric self-
consistency. Extensive experiments on multiple benchmarks
demonstrate that Exo2Ego consistently achieves substantial
performance improvements.
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