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Abstract. Vision Language Models (VLMs) have achieved strong per-
formance across diverse video understanding tasks. However, their view-
point invariant training limits their ability to understand egocentric
properties (e.g., human-object interactions) from exocentric video ob-
servations. This limitation is critical for applications such as Activi-
ties of Daily Living (ADL) monitoring, where understanding egocen-
tric properties is essential yet egocentric cameras are impractical to de-
ploy, making it impossible to simply collect egocentric data at test time.
To address this challenge, we propose Ego2ExoVLM, a VLM frame-
work that learns to infer egocentric properties from exocentric videos.
Our key insight is that time-synchronized ego-exo video pairs can be
leveraged during training, where the egocentric viewpoint provides priv-
ileged supervision (rich egocentric signal available only at training time).
Ego2ExoVLM achieves this through two components: Ego2Exo Se-
quence Distillation, which transfers egocentric reasoning through a
language-level sequence distillation objective, and Ego Adaptive Vi-
sual Tokens, which encourages the model to surface relevant interac-
tion cues within exocentric video representations. To measure this ca-
pability, we introduce Ego-in-Exo Perception, a benchmark designed
to evaluate the understanding of egocentric properties from exocentric
videos. Ego2ExoVLM is evaluated on 10 tasks across Ego-in-Exo Per-
ception and existing ADL benchmarks, achieving state-of-the-art results
on the ADL-X benchmark suite and outperforming strong baselines on
our proposed benchmark. Code, models, and data will be released at
https://github.com/dominickrei/EgoEx04ADL.

1 Introduction

Vision Language Models (VLMs) [3, 44, 64, 70] have achieved strong perfor-
mance across a wide range of multi-modal understanding tasks, from open-ended
video question answering [33, 68| to complex spatial reasoning [24, 50]. Exist-
ing VLMs for video understanding work by coupling Large Language Models
(LLMs) [40,47] together with pretrained vision encoders [48,69] to enable pow-
erful cross-modal reasoning capabilities. In practice, these models are primarily
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Fig. 1: Left: Egocentric and exocentric viewpoints emphasize different visual cues.
In exocentric views, the hand-object interactions defining the action appears small or
partially occluded, while egocentric views reveal these cues clearly. Red boxes high-
light the interaction region. Right: Existing VLMs observing exocentric video struggle
to capture egocentric properties. Ego2ExoVLM leverages ego-exo video pairs during
training, where the egocentric view acts as privileged supervision available only during
training, enabling VLMs to recover egocentric properties from exocentric video.

trained on large-scale video-instruction datasets consisting of both egocentric
and exocentric viewpoints [6,36,74]. Applying such VLMs to recognize Activities
of Daily Living (ADL) from fixed monitoring cameras is a particularly promising
direction, with applications in healthcare (e.g., monitoring the elderly, assessing
cognitive decline) and assistive robotics.

However, these models struggle in ADL scenarios where the activities of
interest are largely defined by egocentric properties, i.e., fine-grained scene con-
tent and human-object interactions (HOT) [16,17,54]. Egocentric and exocentric
viewpoints naturally emphasize different visual cues: egocentric views expose
fine-grained hand-object interactions and manipulation details, while exocentric
views emphasize scene layout, body motion, and contextual information. Cru-
cially, many egocentric interaction cues (e.g., which object is being manipulated)
remain present but visually subtle in the exocentric view, making them difficult
for models trained only on exocentric supervision to recover. As a result, models
trained primarily on exocentric observations often fail to capture the egocentric
properties that define many ADL. We identify two primary causes: (i) existing
VLMs [51] are trained on instruction-video pairs derived from exocentric ADL
datasets [12, 21, 32] that emphasize high-level scene context, full-body motion,
and environmental details, thereby overlooking egocentric properties that are
less visually salient; and (ii) they rarely exploit the corresponding egocentric
videos at inference, in which egocentric properties are more directly observable.
This is illustrated in Figure 1, where existing VLMs observing exo videos fail to
capture egocentric properties, while ego-observing VLMs readily capture these
details. However, these egocentric observations are difficult to obtain in real-
world ADL scenarios, where wearable cameras are impractical to deploy. This
motivates a key question: how can we train VLMs to infer egocentric properties
from exocentric video inputs?

Consequently, we present Ego2Exo VLM, a novel framework that leverages
time-synchronized ego-exo video pairs to transfer egocentric understanding to
models observing exocentric videos. Unlike standard instruction tuning [31] or
distillation [46], where both teacher and student observe the same video, our
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approach leverages a privileged egocentric viewpoint that exposes fine-grained
interaction cues which are present in the scene but not visually prominent
from the exocentric view. By learning from this privileged supervision during
training, Ego2ExoVLM encourages VLMs operating on exocentric inputs to re-
cover egocentric properties that would otherwise remain latent. At inference,
Ego2ExoVLM takes only exocentric video as input and generates outputs that
emulate the ego-observing teacher, which naturally captures the egocentric prop-
erties we desire to learn from exocentric videos.

Ego2ExoVLM introduces two complementary components to facilitate ego-
to-exo knowledge transfer. (i) Ego2Exo Sequence Distillation: we transfer
egocentric reasoning to exocentric observations through language-level distilla-
tion, encouraging the model to generate responses consistent with those produced
from the privileged egocentric viewpoint. However, response consistency alone
is insufficient due to the large ego-exo viewpoint gap, where many interaction
cues occupy only a small portion of the exocentric view. (ii) Ego Adaptive
Visual Tokens: to help the model recover these cues we take inspiration from
visual probing approaches [52], introducing a set of learnable tokens that in-
teract with intermediate visual representations and encourage the extraction of
discriminative spatio-temporal regions corresponding to egocentric interactions.
Together, these components enable Ego2ExoVLM to leverage privileged ego-
centric supervision during training to recover egocentric properties from purely
exocentric inputs. Further, to evaluate this capability, we introduce Ego-in-Exo
Perception, a benchmark designed to measure egocentric understanding from
exocentric videos. The benchmark leverages time-synchronized ego-exo video
pairs where questions are derived from egocentric observations while evaluation
is performed using only the paired exocentric videos.

To the best of our knowledge, Ego2ExoVLM is the first VLM that explicitly
learns exocentric representations from privileged egocentric supervision. While
the inverse direction, i.e., exo-to-ego transfer, has been explored, works explor-
ing ego-to-exo transfer remain limited, particularly within the VLM domain.
Importantly, the two directions address fundamentally different cues: exo—ego
transfer primarily propagates coarse contextual information such as scene layout
and body motion, whereas ego—exo transfer requires recovering subtle interac-
tion cues such as hand-object interactions that are often visually ambiguous from
exocentric viewpoints and therefore difficult to learn through exocentric super-
vision alone. Prior approaches for cross-view knowledge transfer are designed
for vision-language encoders (e.g., CLIP [48]), and mostly rely on feature-level
knowledge transfer in the visual space [35,42, 46]. Interestingly, we find that
such feature-level knowledge transfer is ineffective in VLMs (Section 7.3); in-
stead, we find that language serves as a better medium to bridge the knowledge
gap between viewpoints. Some recent works explore cross-view transfer without
time-synchronized ego-exo data by relying on pseudo-paired videos [42,61] or
synthetically generated ego viewpoints [13]. While such strategies can expand
training data, synthetic ego generation is often impractical in ADL settings
where activities are captured by fixed monitoring cameras and human-object



4 D. Reilly et al.

interactions appear at low spatial resolutions. We therefore focus on the realistic
ADL scenario with time-synced ego-exo data; however, we later demonstrate (in
Section 8) that Ego2ExoVLM remains effective even when trained with non-
synchronized ego-exo supervision. We summarize our contributions as follows:

— We introduce Ego2ExoVLM, the first VLM framework trained with time-
synchronized ego-exo video pairs to infer egocentric properties within exo-
centric inputs, addressing the underexplored problem of ego—exo transfer
for ADL understanding.

— We propose two complementary components for enabling cross-view trans-
fer in VLMs: Ego2Exo0 Sequence Distillation, that transfers egocentric
reasoning through language-level sequence distillation from a privileged ego-
centric viewpoint, and Ego Adaptive Visual Tokens, a set of learnable
tokens to surface ego-relevant spatio-temporal cues from exocentric videos.

— We introduce Ego-in-Exo Perception, a benchmark of 3.9k MCQs de-
signed to evaluate egocentric understanding from exocentric videos, and val-
idate Ego2ExoVLM across this benchmark and the ADL-X benchmark suite.

2 Related Work

Vision Language Models for Video Advancements in Large Language
Models [4, 8,56] and large-scale video-text datasets [26, 63,73, 74] have led to
Vision Language Models (VLMs) [23,25,29,37,71,73] with impressive video un-
derstanding capabilities. Most existing VLMs are trained on datasets containing
both egocentric and exocentric videos [15, 74], allowing them to exhibit ego-
centric understanding only when the input itself is egocentric. However, these
models fail to demonstrate egocentric reasoning when observing the same ac-
tivities from an exocentric viewpoint. Qur work is the first to explicitly address
this limitation by developing a VLM that transfers egocentric understanding to
exocentric videos through paired, time-synchronized ego-exo supervision.

Ego-Exo Video Representation Learning. Various prior works have ex-
plored video understanding from ego-exo views, and can be categorized [55] into
joint-learning and view transfer approaches. Joint learning approaches [42,53,61,
62,65,67] aim to learn a unified representation space for both views. For example,
Actor and Observer [53] trains a dual-stream CNN to contrastively align ego and
exo features, while AE2 [65] uses temporal alignment as a contrastive learning ob-
jective. In real-world scenarios where only a single view is available for inference,
view transfer approaches [2,28,46,49,58,60] aim to leverage knowledge from one
view to enhance understanding of the other. For example, Ego-Exo [28] uses ego-
centric auxiliary tasks to pre-train a 3D-CNN to learn egocentric properties from
exocentric videos, Quattrocchi et al. [416] distills the visual features from an exo-
trained teacher to an ego student, EMBED |[13] trains an encoder with synthetic
ego data using hand crops derived from exo videos, and ViewpointRosetta [35]
uses diffusion models to learn a mapping between the visual feature spaces of
ego and exo. Recent cross-view translation methods [34, 38,45] are also related,
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but they aim to synthesize or structurally reconstruct observations across view-
points, whereas our method targets understanding rather than pixel generation.
Most of these approaches focus exclusively on transferring knowledge from the
exocentric to egocentric viewpoint, and are not designed for VLMs. In contrast,
our work investigates the opposite direction of transferring knowledge from the
egocentric to exocentric viewpoint in VLMs.

3 VLM Preliminaries

The standard VLM is composed of a vision encoder E(-), a vision-language
connector ¢(-), and a language model LM (-). Given a video V', natural language
query Q, and a corresponding answer A, the vision encoder first extracts frame-
level spatio-temporal tokens from the video

X = B(V) € RT*Nxdv,

where T is the number of frames sampled from the video, N is the number of
spatial patches, and d,, is the embedding dimension of the vision encoder. These
tokens are then mapped to the language model’s embedding space, d,, using
the vision-language connector:

Z — (ZS(X) e RTXNXdlm7

Conditioned on these projected visual tokens, the training objective of the VLM
is to auto-regressively maximize the likelihood of the answer given the video and

query

M
Lyim = — Z log P(am | A<m, Q, Z), (1)
m=1
where M is the number of tokens in the answer, and A.,,, = (ai,...,am—1)

denotes the sequence of tokens prior to the auto-regressive decoding step m.

4 Task Formulation

Given time-synchronized pairs of ego-exo activity videos (Vego, Vexo) along with
a natural language query Q, we aim to learn a VLM that can accurately respond
to the query using only the exocentric video at inference time. Note that the
answer A is not explicitly given at training time. Formally, during training,
we have access to triplets (Vego,Vexo,Q)7 but at test time, the model only
has access t0 (Vxo, Q). The challenge of this task lies in the fact that the
language queries target egocentric properties of the video, which are not salient
from the exocentric viewpoint. The necessity of this task is grounded in the
understanding of Activities of Daily Living, where such egocentric properties
define the activities of interest; however, the egocentric view is rarely available
in real-world ADL scenarios. To solve this, we leverage time-synchronized ego-
exo video pairs during training to transfer egocentric understanding from an
ego-observing teacher VLM to an exo-observing student VLM.
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5 Proposed Method

This section introduces our proposed method, Ego2ExoVLM, which addresses
ego-to-exo viewpoint transfer through knowledge distillation. Ego2ExoVLM train-
ing follows a teacher-student paradigm (see Figure 2) and comprises two com-
plementary components: (1) Ego2Exo Sequence Distillation that transfers
egocentric semantics from an egocentric teacher to an exocentric student, and (2)
Ego Adaptive Visual Tokens that enhances the student’s ability to acquire
egocentric semantics from the teacher.

Both the teacher and student are VLMs sharing the architecture described
in Section 3. The teacher VLM T processes the egocentric video to generate
an answer that implicitly captures egocentric properties, which then serves as a
source of egocentric supervision for the exocentric student VLM S, which pro-
cesses the corresponding exocentric video. During training, the teacher remains
frozen and serves as a high-level semantic bridge between the two viewpoints.

5.1 Ego2Exo Sequence Distillation

Our goal is to leverage the time-synchronized ego-exo videos (Vego, Vexo) to
transfer egocentric understanding from 7 to S. In Ego2Exo Sequence Distil-
lation, the teacher observes the activity from the egocentric viewpoint to gen-
erate a language sequence capturing the egocentric properties of the activity,
while the student observes the activity from the exocentric viewpoint and is
supervised by the teacher to reproduce its outputs. Formally, the teacher VLM
processes the egocentric video and query to generate the language sequence
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Acgo = T(Vego, Q), which serves as a pseudo-ground truth answer to guide the
student VLM. During training, the objective of the student is to auto-regressively
maximize the likelihood of Ag,

M
L:VLM = - Z lOg P(afrgo | A€<97?” Q7 Zemo) (2)
m=1

This objective enables cross-view knowledge transfer by enforcing consistency be-
tween the egocentric teacher, which implicitly understands the egocentric prop-
erties of the video, and the exocentric student.

5.2 Ego Adaptive Visual Tokens

While the sequence-level distillation described above provides the supervisory
signal necessary to transfer viewpoint knowledge from teacher to student, we
observe that exocentric videos contain many visual distractors (e.g., background
content) that dilute the spatial cues relevant for egocentric understanding, lim-
iting the effectiveness of cross-view transfer. To enhance the effectiveness of this
transfer, we introduce a set of learnable Ego Adaptive Visual Tokens that guide
the student VLM to focus on spatial regions carrying ego-relevant cues. These
additional tokens enable the student to selectively extract exocentric visual fea-
tures that better align with the egocentric language sequence. In essence, the ego
adaptive tokens are supervised through the egocentric signal to capture spatio-
temporal patterns that are less prominent in the exocentric view.

Concretely, the learnable tokens are implemented as visual probes [52] that
are cross-attended with the intermediate representations of the vision encoder,
allowing them to leverage both low- and high-level pixel information to facilitate
the extraction of discriminative exocentric representations for bridging the gap
between the two viewpoints. Letting the encoder output features at layer ¢ be
Xt € RT*Nxdv and the learnable ego adaptive tokens be Ef € RE*dv | cross-
attention is applied as follows

(BEW)(XW)T
Vd,

Ef = softmax< ) (X'w),

where (W5, Wi, W

») are layer-specific projection matrices. The tokens after
the final layer (denoted E for simplicity) are projected into the language model’s
embedding space through a dedicated connector ¢ego(-) and concatenated with
the exocentric visual embeddings before being fed to the language model. Thus,

the training objective of Ego2ExoVLM is defined as

M
Lyim = — Y log P(aif’ | A%, Q, Z°", pego(E)) (3)

m=1

With this objective, the teacher is able to transfer egocentric cues to the student
by leveraging the shared content of time-synchronized ego-exo videos.
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Table 1: Comparison with existing bench- Table 2: State-of-the-art com-
marks. Columns indicate benchmark properties: parison on the Ego-in-Exo
Ego-Exo: contains paired ego-exo videos, Time- Perception benchmark. Action
sync: videos are time-synchronized, Video-QA: Und.: Action Understanding, Task
suitable for evaluating VLMs, Ego-curated QA: Regions: Task Relevant Regions,
video-QA pairs are curated only from the egocen- HOI: Human Object Interactions,

tric viewpoint. Hand Ident.: Hand Identification.
T T — YT T o - -
E;(el:::::(n:?:]k Ego—fxo. Tlme;ync. Vldel; QA? Ego curzted QA? Method A[(J::,‘:i)_n Rg‘;sfns HOI Ilfj:i:;i Avg.
VideoMME [14] X X v X Evaluate on ego viewpoint (upper bound)
EgoMCQ [30] X X X v Teacher (T) ‘ 81.8 83.9 789 67.1 77.9
EgoSchema [39] X X v v Evaluate on exo viewpoint
EgoMemoria [66] x x v v LLAVIDAL [51] 152 333 310 538 333
LEMMA [27] 7 ; X x VideoLLaMA?2 [7] 353 428 346 484 403
EgoExoLearn [2”] v v X x Qwen2-VL [57] 38.5 48.9 374 564 48.8
EgoExoBench []*] v v v x Qwen2.5-VL [47] 68.2 75.9 708 648 69.9
Ego-in-Exo Perception v v v v VideoLLaMA3 [70] 66.5 79.6 745 641 T1.2
EE4D-VideoLLaMA3 59.5 66.6 716 65.0 65.7
Ego2ExoVLM (Ours)| 73.4 82.0 76.2 65.3 74.2

6 Ego-in-Exo Perception Benchmark
In this section, we introduce Ego-in-Exo Perception, a benchmark containing
a total of 3,881 multiple choice questions (MCQs) designed to evaluate egocen-
tric understanding from exocentric video inputs. It consists of time-synchronized
videos of skilled human activities captured simultaneously from both egocentric
and exocentric viewpoints. We propose this benchmark to answer the single ques-
tion: How well do VLMs capture egocentric properties from exocentric videos?
The key novelty of Ego-in-Exo Perception lies in how it is designed to answer
this question. We posit that to measure egocentric understanding from exocentric
videos, the question-answer (QA) pairs used in our benchmark should be curated
using only the corresponding egocentric view. Our intuition behind this is that if
QAs are curated based on what is salient in ego, then answering these questions
from the exo video alone directly measures the model’s ability to capture ego
properties from exo videos. Samples from our benchmark are shown in Figure 3
(right), with more samples presented in the supplementary materials.

6.1 Data Curation
We curate Ego-in-Exo Perception from the EgoExo4D [16] dataset, a large-scale
dataset of long videos of skilled human activities captured from ego and exo
viewpoints. We only consider videos from the keystep recognition test subset of
EgoEx04D, and only keep videos depicting “ cooking” activities, as these activities
contain a high density and diversity of human-object interactions [11], making
them an ideal testbed for measuring the egocentric properties we are interested
in. This filtered subset provides us with 2,319 unique videos along with 10K hu-
man annotations detailing the atomic actions within each video. Our benchmark
contains four tasks that evaluate different aspects of egocentric understanding:
Action Understanding, Task-relevant Region, Human-Object Interactions, and
Hand Identification.

The videos and annotations are then processed through a multi-stage pipeline,
as illustrated in Figure 3, to obtain MCQs. We first extract a list of the objects
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visible in the egocentric video by applying an image captioning model [19] at 5fps
and parsing its output using an LLM [43] to obtain a list of scene objects. Next,
we generate MCQs across the four tasks using an LLM [43] with category-specific
prompts applied to the atomic action annotations, supplemented with the list
of scene objects. We find that supplementing the annotations with this list en-
ables the generation of more diverse question types with challenging negative
distractors. Finally, we perform a comprehensive human verification with four
participants to filter out hallucinated questions, trivial distractors, and questions
that are unanswerable from the exocentric view due to occlusions or poor cam-
era framing, yielding our final benchmark of 3,881 questions. A more detailed
description of each step in this pipeline is provided in the Appendix.

6.2 Comparison with Existing Benchmarks

Table 1 compares Ego-in-Exo Perception with existing video understanding
benchmarks. While several benchmarks exist to evaluate exocentric [5, 14] and
egocentric [22,30,39,66] understanding, they lack the time-synchronized ego-exo
videos. Existing ego-exo benchmarks like LEMMA [22] and EgoExoLearn [20]
provide time-synchronized ego-exo videos, but are not designed to evaluate
VLMs. EgoExoBench [18] contains time-synchronized ego-exo videos and is de-
signed for VLM evaluation, but uses both viewpoints in its data curation, mak-
ing it unclear whether VLMs succeed by capturing egocentric properties or by
exploiting information already salient in the exocentric view. In contrast, our
benchmark uniquely leverages time-synchronized ego-exo videos, curating QA
pairs from the egocentric viewpoint alone.

6.3 Evaluating Potential Bias in Ego-in-Exo Perception.

To assess whether Ego-in-Exo Percep-

Table 3: Bias analysis on Ego-in-Exo . v e ’
tion can be solved via linguistic priors

Perception. ) > A
JVTR—— Hond or simple visual shortcut biases, we
Method Inputs Und. Regions HOIIdent. Avg. ..
evaluate GPT-4.1-Mini and GPT-5.1
Text only 56.4 56.3 55.3 544 55.7

GPT-4.1-Mini Text + Image 71.4 79.8 70.3 55.7 69.8 under three input Settings: Tel’t Only
Text + Video 77.5 766 759 505 734 (question without video), Text + Im-
GPT-51 Text + Video 746 848 772 548 720  age (single center frame), and Text +
Ego2ExoVLM Test + Video 734 820 762 65.3 742 Video (full video). As shown in Ta-
ble 3, performance drops substantially
in the Text-only setting (55.7% Avg.), indicating limited linguistic bias. Pro-
viding only the center frame improves results (69.8%), but still underperforms
full video input (73.4%), suggesting that temporal information is necessary. No-
tably, Ego2ExoVLM achieves higher overall accuracy than GPT-4.1-Mini in the
full Video setting (74.2% vs 73.4%), demonstrating that the benchmark rewards
viewpoint-specific reasoning rather than scale alone and that the benchmark
exhibits relatively weak biases.
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7 Experiments

In Section 7.1, we detail the experimental setup. We then compare Ego2ExoVLM
to the state-of-the-art on two activity understanding datasets in Section 7.2. Fi-
nally, in Section 7.3, we perform ablations on the Ego-in-Exo Perception bench-
mark and analyze the learned representations of Ego2ExoVLM.

Table 4: State-of-the-art comparison on the ADL-X benchmark. Methods
are categorized by image captioning models paired with LLMs and vision language
models. Legend for ADL Video Description tasks: [Cor: Correctness of Information,
Do: Detail Orientation, Ctu: Contextual Understanding, Tu: Temporal Understanding,
Con: Consistency|

Mothod ‘ ADL MCQ ADL-VD (Charades) |ADL-VD (Toyota Smarthome)
Charades AR SH AR LEMMA TC TSU TC Avg|Cor Do Ctu Tu Con Avg|Cor Do Ctu Tu Con Avg
Tmage captioners + LLM
CogVLM [59] + GPT [4] 52.3 425 32.0 23.6  37.6[42.0 62.0 49.6 36.5 32.8 44.6|55.2 72.0 60.6 30.2 48.5 533
CogVLM [59] + Llama [56] 52.8 43.2 32.5 22,5 37.8|40.2 61.8 49.5 36.5 33.5 44.3|49.8 66 56.6 29.8 402 485
BLIP2 [27] + GPT [4] 50.2 39.6 28.9 202 347|39.8 60.2 47.8 36.0 37.2 44.2|48.8 66.6 63.6 45.6 30.8  52.9
Vision Language Models
VideoChatGPT [37] 51.0 39.6 314 20.9 35.7]26.1 45.2 35.6 21.4 31.2 31.9|31.2 52.8 78.2 64.8 45.6 54.5
VideoLLaMA [71] 40.2 44.8 32.6 246 35.6(22.2 42. 6[57.8 62.0 624 482 444  54.9
VideoLLaVA [29] 418 49.2 30.0 255  36.6(23.6 46.4 20.6 33.5 31.6|30.8 54.8 42.4 30.4 445 40.6
Chat-UniVi [23] 53.1 48.1 323 364 42.5(36.5 54.5 46.6 32.2 35.9 41.1|56.8 66.9 79.0 50.0 56.6 61.9
ADL-X-ChatGPT [51] 51.0 44.5 28.6 295 38.4[40.6 50.6 49.8 30.6 40.2 42.4|62.4 79.4 70.8 51.2 60.4 64.8
LLAVIDAL [51] 55.2 48.1 34.3 382  44.0(45.8 64.2 57.0 36.4 39.4 48.6|66.0 86.2 79.6 50.0 72.4 70.8
VideoLLaMA3 [70] 92.0 70.6 66.6 783 769|735 73.7 75.8 68.6 61.6 70.6|88.1 91.8 92.6 79.2 84.4 8T.2
EE4D-VideoLLaMA3 90.9 713 60.2 777 75.0|80.4 78.8 82.0 73.8 610 75.4|91.5 92.5 05.8 79.0 735  86.4
Ego2ExoVLM (Ours) 93.1 72.0 67.4 82.6  78.8 80.5 78.8 82.3 73.8 62.4 75.5/90.8 93.1 95.9 80.8 82.9 88.7

7.1 Experimental Setting

Teacher and Student VLMs. Both the teacher and student adopt identical
VLM architectures consisting of a SigLIP [69] vision encoder (embedding dim.
d, = 1152) and a Qwen2.5 [47] language model (embedding dim. dj,, = 3584),
initialized from the pretrained weights of VideoLLaMA3 [70]. During training,
the teacher VLM remains frozen and the following components of the student
VLM remain trainable: vision-language connector, cross-attention projection
matrices (for ego-adaptive tokens), and low-rank adaptation (LoRA with rank
r = 64) weights in the LLM are updated. The vision encoder remains frozen in
all experiments. Training is conducted on 4 NVIDIA H200 GPUs for 3 epochs,
with a learning rate of 1 x 107° for the LoRA parameters and 2 x 1076 for all
other parameters.

Student Training Data. The student VLM is trained on a total of 9k ego-
exo videos from the keystep recognition training set of EgoExo4D [16]. For each
ego-exo video pair, we generate three distinct natural language queries (i.e., Q)
by first sampling one query from each of three predefined categories: descriptive,
temporal, and spatial (provided in supplementary materials). We then process
the sampled query along with the egocentric video with the frozen pre-trained
teacher VLM which generates an answer (A). This query-answer pair then serves
as supervision to the student VLM, yielding a total of 28k query-answer pairs.
Benchmarks. We evaluate Ego2ExoVLM across 10 tasks that rely on ego-
centric understanding from exocentric videos. The Ego-in-Exo Perception



FroM My VIEwW TO YOURS 11

benchmark, introduced in this work, is derived from the Ego-Exo4D [16] dataset
and consists of 4 MCQ tasks introduced in Section 6: Action Understanding,
Task-relevant Regions, Human Object Interactions, and Hand Identification. The
ADL-X benchmark [51] evaluates VLM’s understanding on multiple Activities
of Daily Living (ADL) datasets [10,12,22,32]. Although ADL videos are recorded
only from the exocentric viewpoint, the activities center around hand-object in-
teractions and fine-grained motion details, making ADL a natural setting to as-
sess egocentric understanding from exocentric videos. The benchmark contains 4
MCQ tasks (ADL-MCQ) and 2 video description tasks (ADL-VD). ADL-MCQ
contains both Action Recognition (AR) and Temporal Completion (TC) tasks.
Accuracy is reported for all MCQ tasks and Video-ChatGPT description met-
rics [37] are reported for description tasks.

7.2 Comparison with SoTA

Ego-in-Exo Perception Benchmark. Table 2 compares Ego2ExoVLM with
existing VLMs on our proposed Ego-in-Exo Perception benchmark. We include
the teacher model’s performance on egocentric videos as an upper bound (77.9%
average accuracy), representing the level of understanding achievable with direct
access to the egocentric viewpoint. We also present a variant of VideoLLaMA3
finetuned on the exocentric videos of Ego-Exo4D (EE4D-VideoLLaMA3). LLAVI-
DAL [51] struggles significantly (33.3%), particularly on Action Understanding
(15.2%) despite being trained on ADL data, highlighting that standard exocen-
tric training does not capture the egocentric properties targeted by our bench-
mark. VideoLLaMA3 [70], whose weights are used to initialize our student VLM,
achieves higher accuracy than other baselines, likely due to its large-scale pre-
training data. However, Ego2ExoVLM outperforms this strong baseline by +3.0
% (71.2% vs 74.2%). Comparing Ego2ExoVLM with EE4D-VideoLLaMA3, our
method achieves superior performance (74.2% vs 65.7%), demonstrating that
leveraging time-synchronized ego-exo pairs for cross-view knowledge transfer is
more effective than training solely on exo videos from the same dataset.
ADL-X. Table 4 compares Ego2ExoVLM against state-of-the-art methods
on the ADL-X benchmark. Image captioning models such as CogVLM [59]
achieve moderate performance on ADL tasks even when paired with large lan-
guage models like GPT-4 (44.6% on Charades Description compared to 75.5%
on Ego2ExoVLM). Among existing VLMs, pre-trained VideoLLaMA3 performs
better on ADL tasks, and EE4D-VideoLLaMA3 can further improve perfor-
mance by leveraging in-domain data. However, our approach surpasses both,
reaching 78.8% on ADL-MCQ, 75.5% on Charades Descriptions, and 88.7%
on Toyota Smarthome Descriptions. Ego2ExoVLM also outperforms LLAVI-
DAL [51], a VLM specifically tailored for ADL understanding, demonstrating
Ego2ExoVLM’s understanding of the egocentric properties relevant in ADL.

7.3 Ablation and Analysis

Ablating Components. Table 5 ablates each component in Ego2ExoVLM.
Crucially, simply exposing the model to both ego and exo videos (Ego+Exo)
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Table 5: Ablating Ego2ExoVLM Table 6: Alternative Ego Adaptive
components. Seq Dist. = Ego2Fzo Se- Visual Tokens Strategies.

quence Distillation, Ego Tok. = Ego Adap- Token Strategy | Action Rzgis;(ns mor Hand
tive Visual Tokens.

_ No tokens 67.2 67.9 73.8 653 685
“{j;:v‘:‘g g;‘z iﬁf Astion Rféfé‘ns Hol 1nd ave. VE Self-attention | 68.2 692 740 683  69.9
o x x 595 6.6 16 5.0 57 Pre-trained CA 74.3 79.9 74.1 65.1 73.4
EgotExo | X x 59.2 68.5 711 650  66.0 Ego2ExoVLM 734 82.0 76.2 653 742
Exo v X 67.2 67.9 738 653 685

Exo X v 70.0 794 743 651 722

Exo v v | 134 82.0 762 653 742

Table 7: Alternative Viewpoint Transfer Strategies.

Transfer Strategy Aéltllgn R;I;gais ;{ns HOI IIf{i:Etd Avg.
Visual Feature Dist. [46] 61.2 .7 68.0  64.2 67.8
LLAVIDAL-style [51] 60.2 66.1 70.3 65.0 65.4
Ex02EgoVLM [72] 65.9 75.1 63.8 81.1 70.3
EgoAda Tokens (Vis.) 69.5 79.4 74.1 65.3 72.1
EgoAda Tokens (Lang.) 69.2 78.2 72.0 64.9 71.1
Ego2ExoVLM 73.4 82.0 76.2 65.3 74.2

yields negligible gains (+0.3%). This demonstrates that viewpoint-conditioned
semantics are not learned through shared training data alone and require explicit
cross-view supervision. In contrast, training on exo videos with sequence distil-
lation alone improves average performance to 68.5%. Ego-adaptive tokens alone
yield stronger improvements at 72.2%, particularly on the HOI task, indicating
their effectiveness to enhance ego understanding. Combining both components
achieves the best overall performance (74.2% average), with consistent gains
across all tasks, demonstrating the complementary nature of Ego2Exo Sequence
Distillation and Ego Adaptive Visual Tokens. These results demonstrate that
both modules in are instrumental to enable ego-to-exo knowledge transfer.
Alternate Knowledge Transfer Strategies. Table 7 compares our Ego2Exo
Sequence Distillation against alternative viewpoint transfer strategies. In the Vi-
sual Feature Dist. baseline, we train a VLM on egocentric videos and apply an
MSE distillation loss between the pooled visual features of the frozen ego teacher
and the exo student, analogous to the viewpoint transfer approach in Quattroc-
chi et al. [46]. In LLAVIDAL-style baseline, we train a VLM with ego-adaptive
tokens on ego videos and directly pass these tokens as additional input to the
language model when training the exo student, similar to LLAVIDAL [51]. In
EgoAda Tokens, we explore viewpoint transfer using the ego adaptive visual
tokens themselves: we train an ego teacher VLM with additional tokens and
perform feature-level distillation between the frozen ego tokens and exo tokens
either after the visual encoder (Vis.), or after the language model (Lang.). We
find that our proposed strategy surpasses all others, including the visual feature
strategies used in prior non-VLM-based approaches (67.8% vs 74.2%), demon-
strating the superior effectiveness of language-level knowledge transfer in VLMs.
Notably, Exo2EgoVLM [72], designed for exo—ego transfer, underperforms in
the ego—exo setting (70.3% vs 74.2%), indicating that methods effective for
exo2ego do not directly translate to ego2exo transfer.
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Alternative Ego Adaptive Visual Tokens Strategies. We explore alter-
native integration strategies for ego adaptive tokens in Table 6. In VE Self-
attention, the cross-attention matrices are removed and the tokens are directly
appended to the visual features, thus they only interact with visual features
through the self-attention of the vision encoder. In Pre-trained CA, we first
train a VLM with ego-adaptive tokens on ego videos and initialize the student
with the parameters of this model. VE Self-attention achieves modest gains
compared to the VLM without tokens, but the lack of cross-attention limits the
ability to learn robust token representations. While Pre-trained CA approaches
Ego2ExoVLM’s performance, we find that. it is lees effective

Analysis on number of Ego <75
Adaptive Visual Tokens. In EU’ Ta
Figure 4, we present the accuracy < .///\.//'
of Ego2ExoVLM with varying num- ug‘ 73
bers of Ego Adaptive Visual Token- £ ’

son Ego-in-Exo Perception. We find
that our model’s sensitivity to the

2 4 8 16 32 64 128
Number of Ego Adaptive Visual Tokens

number of tokens is low, and set the
default to a value of 16 tokens for
all our experiments as a reasonable
trade-off between efficiency and performance.

Attention Visualization. In Figure 5, we visualize the attentions of the vi-
sual encoder of an untrained student VLM, and of our Ego Adaptive Visual
Tokens’s to a video frames from two different videos. For the vision encoder, we
visualize attention using attention rollout [1], for our ego adaptive tokens, we
visualize their attentions averaged across all tokens. We observe that the VLM
vision encoder attends broadly to scene-level content, while our Ego Adaptive
Visual Tokens focus on localized regions where relevant interactions occur, such
as human object interactions.

Qualitative Results on ADL-X. Figure 6 shows qualitative results of three
VLMs: VideoLLaMA3, EE4D-VideoLLaMA3, and our proposed Ego2ExoVLM.
We present example outputs of these VLMs on the Smarthome-AR, TSU-TC,
and Charades Descriptions subsets of ADL-X. These results demonstrate that
Ego2ExoVLM accurately identifies specific actions, object, and spatial details
that are critical for ADL understanding.

Robustness to Alternative VLM
Backbones. We investigate whether
the improvements of Ego2ExoVLM
generalize across different VLM back-
bones. Table 8 reports results using a
CLIP-Large vision encoder and Mis-
tral v0.2 language model, which repre-
sent a substantially weaker backbone
compared to the SigLIP / Qwen2.5 backbone used in our main experiments. As
expected, the absolute performance is lower due to the reduced model capacity
and training data of the CLIP/Mistral backbone. Nevertheless, Ego2ExoVLM

Fig.4: Ablation on number of Ego
Adaptive Visual Tokens. Average accu-
racy on Ego-in-Exo Perception is reported.

Table 8: Ego2ExoVLM  integrated
into a different VLM backbone.

Action Task
Und. Regions

Hand

Model Backbone HOI {4opt. Avg

Baseline  CLIP / Mistral 30.1 32.6
Ego2ExoVLM CLIP / Mistral 41.2 43.8

30.6 54.6 37.0
40.9 56.8 45.7




14 D. Reilly et al.

&

Q: What action does the person do after the action 'Pour from a bottle' and
before the action 'Take something off table'?
A. Eatsnack B.Getwater C.Useglasses D.Putsomething on table
VideollaMA3: A EE4D-VideolLaMA3 : C  Ego2ExoVLM (Ours): D

Input Video

Q: Describe the video in detail, include all the actions happening and
the object interaction of the person/persons in the scene.

VLM Vision
Encoder Attn.

VideoLLaMA3: A man is standing in a doorway, taking off his jacket. He then
puts on a black shirt and sits on a bed. He picks up a remote control and
starts playing a harmonica.

EE4D-VideoLLaMA3: A man enters a room and removes his jacket. He then
sits on a bed, picks up a remote control, and starts playing a harmonica.

Ego2EXoVLM (Ours): The video shows a man in a room with a bed, a calendar
on the wall, and a doorway. He starts by adjusting his jacket and then takes it
off, placing it on the bed. He then sits down on the bed, picks up a remote
control, and appears to be watching something. The man's actions are
deliberate and focused, suggesting he is preparing to relax or watch television.

Ego Adaptive
Token Attn

Fig. 5: Visualization of VLM Attention. Fig.6: Qualitative Results on the
We compare the visual encoder’s attention to ADL-X dataset. Additional qualita-
attention of the ego-adaptive tokens. tive results available in the Appendix.

consistently improves over the baseline across all tasks, demonstrating that the
gains from ego-to-exo supervision are not specific to our backbone of choice.

Table 9: Perplexity and KL- Table 10: Ego2ExoVLM’s effectiveness on
Divergence with Teacher VLM. pseudo-paired Ego4D and HowTol1l00M.

Method [ Perplexity (J) KL-Divergence (1) Model Training Data__ Action Und. Task Regions HOI Hand Ident. Avg
Untrained Student ‘ 1.55 0.16 Baseline EgodD + HT100M 65.3 66.8 75.1 65.3 68.1
VLM EgodD + HT100M 69.5 77.6 717 62.8 70.4

Ego2ExoVLM 1.41 0.05

Perplexity and KL-Divergence with Teacher VLM. In Table 9, we com-
pute perplexity and KL-Divergence [9] between the language outputs of the ego-
observing teacher, an untrained student VLM, and Ego2ExoVLM on a subset
of Ego-in-Exo Perception. Perplexity measures how closely a model’s language
output aligns with the teacher’s, while KL-divergence measures the similarity be-
tween the logit-level outputs of each model. Ego2ExoVLM achieves lower scores
on both metrics, indicating that the outputs of our Ego2ExoVLM are more
closely aligned with those of the ego-observing teacher.

8 Learning from Unpaired Ego-Exo Videos.

We next test whether exact temporal alignment is necessary. Instead of time-
synced video pairs, we construct pseudo ego-exo pairs by retrieving exocentric
clips from HowTol00M [41] for each egocentric clip from Ego4D [15] using the
same text-based retrieval process as in [61]. These pairs originate from differ-
ent videos and datasets, with no shared frame-level correspondence. Table 10
shows that training on these unpaired but semantically matched videos still im-
proves over the baseline (Avg 70.4% vs 68.1%). This experiment demonstrates
that Ego2ExoVLM ’s language-mediated cross-view supervision does not require
strictly time synchronized ego-exo video pairs.
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9 Conclusion

We addressed the challenge of understanding egocentric properties from exo-
centric video observations, which remains difficult for existing VLMs despite
their strong performance on general video understanding tasks. We presented
Ego2ExoVLM, a VLM trained to infer egocentric properties from exocentric
videos through time-synchronized cross-view knowledge transfer. To the best
of our knowledge, Ego2ExoVLM is the first VLM to transfer knowledge from
the egocentric to the exocentric viewpoint. Our approach combines Ego2Exo
Sequence Distillation, which transfers egocentric reasoning through language-
sequence supervision, with Ego-Adaptive Visual Tokens that enhance attention
to ego-relevant spatial regions. To evaluate this capability, we introduced Ego-
in-Exo Perception, a benchmark of 3.9K questions curated from the egocentric
viewpoint while evaluated using exocentric videos. Through comprehensive eval-
uation, we demonstrate state-of-the-art performance on the ADL-X benchmark
suite and strong improvements over baselines on Ego-in-Exo Perception, showing
that egocentric supervision can effectively enable exocentric models to recover
egocentric interaction cues. We further show that Ego2ExoVLM remains effec-
tive even when trained with non-time-synchronized ego-exo data, demonstrating
that strict temporal alignment is not required for effective cross-view transfer.
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