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Abstract

As immersive education and collaborative environments
continue to advance, understanding complex student in-
teractions within these shared spaces has become increas-
ingly important. While large-scale datasets like Ego4D and
Ego-Exo4D have advanced egocentric vision research, they
lack the rich, multi-user interactions critical for collabora-
tive learning and robotics. To address this gap, we intro-
duce TF2025, an expanded dataset featuring synchronized
first- and third-person views of actors, enhanced synchro-
nization, and multiple train-test splits. We also propose a
sequence-based approach for identifying first-person cam-
era wearers in broader third-person views. By leverag-
ing motion cues and person re-identification, our method
improves robustness and significantly outperforms state-of-
the-art approaches. This work advances the analysis of
multi-camera interactions in embodied vision and educa-
tion. The code and dataset will be made publicly available
upon acceptance.

1. Introduction

Rapid advancements in virtual reality (VR), augmented re-
ality (AR) and narrative-centered learning technologies [0,
36, 46], have enabled the development of highly interac-
tive applications in immersive education [25, 40]. In these
settings, first-person (egocentric) cameras, such as body-
worn or head-mounted devices, capture dynamic, close-
range perspectives directly from the students’ viewpoints.
In contrast, traditional third-person (exocentric) cameras,
such as those monitoring a classroom, provide a broader,
contextual view that complements this egocentric footage.
Combining information from these two types of views of-
fers significant potential for analyzing complex student-
student or student-teacher interactions in collaborative en-
vironments [29, 69].

Datasets like Egod4D [30] and Ego-Exo4D [32] have
been instrumental in advancing egocentric vision. Ego4D

@1 Who wears
this camera?

Candidates

Figure 1. Problem definition.

offers a large-scale collection of first-person videos cap-
turing daily activities. Building on this, Ego-Exo4D pairs
egocentric footage with third-person (exocentric) views,
creating a multi-view dataset that enables researchers to
explore cross-view relationships—such as how robots or
first-person camera wearers can use widely available third-
person videos to enhance learning [39].

However, Ego-Exo04D is limited to scenarios featuring
only a single camera wearer, restricting its applicability
in collaborative educational environments—such as multi-
user VR classrooms and immersive training [2, 77]—where
multiple students frequently interact and operate egocentric
devices simultaneously.

In this work, we study the identification of camera wears
in third-person views. In multi-user immersive learning en-
vironments, systems typically maintain basic identity in-
formation for students. However, simply knowing a stu-
dent’s identity leaves a critical disconnect between their
first-person perspective and the overarching third-person
view. For example, an ID tag does not reveal how a stu-
dent’s egocentric focus correlates with their body actions
and surroundings, which is crucial for activity recognition
and skill assessment. To create this essential link, we define
our task to identify the student’s precise segmentation mask
in the third-person view using their first-person video as a
clue, as shown in Fig. 1. This mask-level cross-view match-
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ing provides significantly more value for fine-grained action
assessment, though it presents a major technical challenge.

Several methods [26, 79, 83] have been proposed for this
task. However, these approaches are frame-based, mak-
ing predictions using only frame-level information. Due to
the inherent challenges of first-person cameras, such as oc-
clusions and motion blur, relying on single frames reduces
reliability. Additionally, since camera wearers frequently
move, the first-person view can sometimes become unin-
formative. For instance, when the camera points at blank
walls, white boards or other featureless surfaces.

In this work, we introduce a sequence-based approach
for identifying first-person camera wearers in third-person
views. Compared to frame-based methods, our approach of-
fers several key advantages. First, by using multiple frames,
the model reduces reliance on any single uninformative
frame. Second, our experiments demonstrate that matching
the motion of camera wearers in third-person views with op-
tical flow in first-person views provides strong and reliable
evidence about identity. Lastly, using a sequence of frames
increases the chance of camera wearers seeing each other,
which leads to an improved identification clue.

(c) Third-person view

(a) First-person view 1

(b) First-person view 2

Figure 2. Data sample from TF2025. The TF2025 dataset aims
to establish a link between students’ first-person views and their
third-person segmentation masks in classrooms.

To support this objective, we introduce TF2025 (Third-
First 2025), an expanded dataset designed to benchmark al-
gorithms that facilitate these collaborative environments, as
shown in Fig. 2. TF2025 integrates videos from three source
datasets: TF2023 [83], IUShareView [79], and Ego4D-
TF, a subset of Ego4D enhanced with our additional an-
notated ground truth masks. TF2025 is 2.3 times the size
of TF2023, the current largest dataset for this task, and in-
cludes more challenging frames. It also features three new
train/test splits designed to evaluate multiple levels of gen-
eralizability, directly translating to diverse educational and
training applications. Furthermore, we conducted manual
synchronization to improve temporal alignment between
first- and third-person views.

To summarize, our main contributions are as follows:

1. We introduce TF2025, a larger and more challenging
dataset featuring multiple new evaluation benchmarks
tailored for complex multi-user interactions.

2. We propose motion matching, a novel approach for first-
and third-person matching.

3. We present a new framework termed Motion Appearance
Fusion (MAF) that adaptively fuses information from
multiple cues, outperforming state-of-the-art methods.

2. Related Works

Egocentric Video Understanding has advanced computer
vision by capturing first-person experiences for applica-
tions like activity recognition [17, 28, 30, 55, 57, 70], ob-
ject interaction [30, 50, 54, 63], and navigation. Recent
studies leverage self-supervised learning to enhance action
recognition [4, 49, 53, 60, 78], while others focus on gaze
prediction [37, 38, 47, 58, 75] and hand-object interac-
tions [74, 80] to infer human intent. Egocentric videos also
aid robotics in task and imitation learning [41-43]. In so-
cial analysis, they help detect engagement, infer relation-
ships, and identify conversational partners [3, 5, 11, 30, 83].
Large-scale datasets like Ego4D [30] have further driven
research, supporting a wide range of applications from
human-robot collaboration to social behavior modeling.

Cross-View Matching aligns corresponding elements
across different views to enhance spatial understanding.
Recent advancements leverage Graph Neural Networks
(GNNs) and attention mechanisms for improved feature
matching. SuperGlue [64] uses GNNs with positional en-
codings to refine keypoint descriptors, while LoFTR [72]
employs self- and cross-attention for feature alignment.
ASpanFormer [15] introduces a hierarchical attention with
adaptive attention span adjustment. Other approaches en-
hance efficiency [14, 66] and unify dense and sparse match-
ing methods [24, 76]. GlueStick [61] refines correspon-
dence estimation by jointly matching points and lines.

Joint First- and Third-person Video Understanding
Recent research has made significant strides in connect-
ing first-person (egocentric) and third-person (exocentric)
video understanding. Approaches include cross-view ac-
tion recognition [8, 67, 71], generating egocentric video
from third-person footage, aligning frames, and learning
viewpoint-invariant representations [48]. Cross-view data
has improved pose estimation [1, 16, 54]. Other work fo-
cuses on summarizing egocentric videos with third-person
views [20, 35], refining egocentric models using third-
person data [54, 62], and co-segmentation via attention pre-
diction. Datasets with both views include Ego-Exo4D [31],
Assembly101 [65], and Charades-Ego [68]. Other datasets
like Epic-Kitchens [17-19] also combine these views, sup-
porting gaze prediction and activity modeling.

Person identification has been explored in the context
of first- and third-person cross-view understanding. While
some work has focused on top-view cameras [7, 9, 10, 81],
our work aligns with the use of side-view cameras as third-
person views [26, 79, 83]. Although side-view cameras pro-
vide a narrower field of view compared to top-view cam-
eras, they offer richer appearance details for the camera
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wearer candidates. Recent advancements, such as multi-
branch deep networks and semi-Siamese architectures, have
improved joint embeddings for aligning first- and third-
person views [26, 79], while PEN [83] introduces a dual-
branch framework, combining a personal branch for rela-
tional analysis and an environment branch for geometric
matching. Building on these foundations, our work focuses
on identifying camera wearers in third-person views by in-
corporating temporal motion cues and multi-cue informa-
tion fusion to achieve better performance.

3. Methodology
3.1. Problem Definition

We define the task of identifying the camera wearer in third-
person views as follows: Given a t-frame sequence of first-
person frames Ego : {Egoy, Egos, ..., Ego:}, a sequence
of third-person frames Exo : {Exo1, Exog,..., Exo:},
and N mask sequences in the third-person view represent-
ing N candidate people,

Candidate 1: {Maski1, Maskis, ..., Maski:}
Candidate 2: {Masks1, Maskas, ..., Maska:}

Candidate N: {Masky1, Maskns, ..., Masky:},

the goal is to identify the mask sequence which represents
the correct candidate that corresponds to the first-person
frame sequence Fgo : {Fgoy, Egos,...,Ego:}. In our
setting, we choose ¢ = 30 as a balance between hav-
ing enough frames for meaningful information and avoid-
ing excessive computational cost; however, our introduced
method can be applied to sequences of arbitrary length.

This task presents unique and significant challenges. Un-
like traditional person identification or re-identification [12,
82, 84], we cannot rely on the appearance of the cam-
era wearers themselves, which is typically the most robust
source of information. As egocentric camera wearers are
often at the center of interactions, their view presents addi-
tional challenges: limited scene coverage due to the cam-
era’s closeness to the center of interaction, frequent occlu-
sions from nearby objects or people, and motion blur from
quick movements. These issues can substantially affect the
quality and reliability of the first-person view, complicating
information extraction.

Prior work [83] shows the importance of multi-source in-
tegration for this task, introducing a frame-based approach
that utilizes geometric cues from image matching and per-
son detection in both views. However, image matching is
often too unreliable, as methods like GlueStick [61] rely on
significant overlap between views—an assumption that fre-
quently breaks between first-person and third-person views.

This limitation highlights the need for more robust tech-
niques to address the differences in these views.

In this section, we present a novel sequence-based
framework, Motion Appearance Fusion (MAF). First, we
introduce a new matching method based on camera motion,
termed motion matching. Next, we describe our appear-
ance matching model, which computes appearance simi-
larity between individuals in first-person and third-person
views. Finally, we propose the Confidence-Based Adaptive
Fusing (CBAF) module to integrate information from these
two sources. The structure of MAF is illustrated in Fig. 3.

3.2. Motion Matching

First, we establish a connection between the body motion
of camera wearers in the third-person view and the optical
flow in the first-person view. While optical flow has been
widely used in egocentric vision analysis [22, 59, 79], to
our knowledge, we are the first to explicitly link it to third-
person body motion for first-third cross-view matching.

We start by discussing the concept of motion within the
context of this paper. Some egocentric datasets, such as
Ego4D and Ego-Exo04D, utilize head-mounted and eyewear
cameras, while others like IUShareView and TF2023 use
chest-worn cameras. Our approach does not restrict the pre-
diction of motion to any predefined body part. Instead, we
seek to predict movements from any body part that could
induce changes (optical flow) in the first-person view. This
design choice enhances the generalizability of our model, as
body-worn cameras in real-world scenarios can be mounted
on various body parts, such as the shoulder, wrist, or waist.

In addition, we define two values to model the camera
motion: 7" and R. Camera motion can be represented by
translational and rotational motions, which have distinct im-
pacts on the optical flow in the first-person view. For trans-
lational motion, due to motion parallax, objects closer to
the camera exhibit faster apparent motion across the field of
view compared to those farther away, resulting in a depth-
dependent optical flow pattern. In contrast, for rotational
motion, the optical flow is depth-independent.

To model this, we apply a sequence-based backbone,
MVIT [27], to a candidate in the third-person view, which is
cropped using the third-person frames and the candidate’s
segmentation mask. We then use a Multi-Layer Perceptron
(MLP) to predict two values, T¢,, and R.,,, which together
form a system that models the egocentric camera motion.

For the first-person view, we first compute two values,
T; and R; for each frame 1,

T, = median (depth(pij)\/flw(pij)Q + fly(pij)Q)

JjEframe;
(1)

R; = median <\/flz(pij)2 + fly(pij)2> , (@

jEframe;

CVPR
H#XKXXXX

204
205
206
207
208
209
210
211
212
213
214

215

216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249

250

252



CVPR
H#XXXXX

253
254
255
256
257
258
259

260

261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281

CVPR 2026 Submission #XXXXX. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Input: Exocentric sequence

Input: Mask sequence

Crop and resize

’ il"'ﬂl 5

Motion matching:

Appearance matching:

Does the body motion match 4-I|

Fusion

|¢7 Has this candidate appeared

the egocentric optical flow?

| Optical flow

in the egocentric sequence?

Mask R-CNN |

Input: Egocentric sequence

Figure 3. Overview of the structure of our framework (MAF) We utilize two models: motion matching, which matches the motion of
the candidate to the egocentric optical flow, and appearance matching that checks if the candidate appeared in the first-person view. Then

we integrates information from both sides to make the final prediction.

where p;; denotes the j-th pixel in frame 4, and depth(p;;),
fls(piz), and fl,(p;;) represent the depth, x-axis optical
flow, and y-axis optical flow, respectively.

We then compute the total motion of the first-person
view by aggregating the two motion values 7" and R across
all frames, represented as a tuple of the cumulative motion,
as shown in Eq. 3,

t—1  t-1
motion({Ego1,...,Ego:}) = (Z T;, Z Ri> . 3
i=1 =1

In our model, we utilize Raft [73] to compute optical
flow, and ZoeDepth [13], a monocular depth estimation
model, to predict absolute depth. Additionally, we employ
Mask R-CNN [33] to filter out foreground pixels where peo-
ple are detected, as their presence can introduce indepen-
dent motion not caused by the camera wearer.

For training, we randomly select 16 consecutive frames
from a 30-frame sequence. Using our motion model, we
predict the motion values T,,, and R.,, for the selected
sequence. The loss function is computed as the sum of
squared errors between the predicted motion values and the
corresponding ground truth values derived from the respec-
tive first-person sequence.

During inference, we employ a sliding window approach
to evaluate motion similarity across overlapping sequences.
Specifically, we calculate the sum of squared errors for the
motion values across three overlapping sequences: frames
1-16, 8-23, and 15-30. This sum of squared errors is de-
noted as “motion score”. A detailed illustration of the mo-
tion matching model is provided in the supplementary ma-
terials.

3.3. Appearance Matching

The presence of individuals in the first-person view pro-
vides additional cues for matching, as camera wear-
ers should not see themselves in their own first-person
views. This information has been utilized in prior work
on third/first-person matching. PEN [83] introduces a per-
sonal branch that implicitly learns this information through
cross-attention between third- and first-person views. Their
model takes as input the third-person candidate, the indi-
viduals visible in the corresponding first-person view, and a
binary training label indicating whether the pair is a match.

However, we empirically discovered that this approach
is suboptimal, as the visibility of the camera wearer in the
first-person view does not strictly correlate with their iden-
tity. For instance, even if a camera wearer is not visible in
their own first-person view, it does not necessarily imply
that the view belongs to them. In this work, we demonstrate
empirically that training a person re-identification (re-ID)
model directly is more effective for this task.

We implement our person re-ID model, denoted appear-
ance matching, using a Vision Transformer (ViT) [23] back-
bone. During training, the backbone outputs a feature vec-
tor, and we attach an MLP head to generate classification la-
bels. During inference, we use the feature vector to compute
the L2 distance between pairs of individuals. Following ex-
isting person re-ID works [34], we use three data augmenta-
tion techniques: random horizontal flip, random cropping,
and random patching, each applied with a 50% probability.
We apply two loss functions: cross-entropy loss for classi-
fication and triplet loss for metric learning.

While it is natural to use the camera wearer as the anchor
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and another person in their view as the negative sample, this
approach may result in non-camera wearers only appearing
as negatives during training. To address this imbalance, we
introduced “pseudo” first/third-person pairs by using non-
camera wearers as anchors and the camera wearer as the
negative sample, as depicted in Fig. 4.

Positive

Anchor

Negative

50%

e

Camera wearer in
another frame

Camera wearer Individual seen

50%

Different person in Camera wearer

another frame

Different personin
same frame

Figure 4. Triplet selection.

During inference, we select frames 1, 16, and 30 from
the first-person sequence and apply Mask R-CNN to crop
out all detected individuals. Each detected individual and
third-person candidates are passed through the same ViT
backbone, and we compute its average L2 distance from the
third-person candidate across all frames, denoted as “ap-
pearance score”. These three frames were chosen as a bal-
ance between capturing most individuals appearing in the
first-person sequence and avoiding excessive detections of
the same person, which could complicate the fusion pro-
cess. We provide a detailed illustration of the appearance
matching model in the supplementary materials.

3.4. Confidence-Based Adaptive Fusing

After motion matching and appearance matching, we have
the following results for /N candidates in third-person and
M detected individuals in the first-person sequence, where
motion scores and appearance scores represent the results
from the two models:

Motion scores: {Motiony, ..., Motiony}
Appear. scores 1: { Appearancey, ..., Appearancein}
Appear. scores M: { Appearancepi, . . ., Appearancen }

The goal of this task is to identify the correct candidate
among {1,..., N} that matches the first-person sequence.
This poses several challenges for the fusion method:

1. Both M and N are different for each query.

2. The same individual can be detected multiple times in
the 3 chosen frames.

3. Motion scores and appearance scores behave differently.

A lower motion score reflects better matching between

the third/first-person motion, while a lower appearance

score means the candidate is seen in the first-person

view, so unlikely to be the camera wearer.

We propose Confidence-Based Adaptive Fusing (CBAF),
a novel module designed to integrate results from the two
preceding modules. CBAF adaptively selects which source
of information to use for candidate elimination or final pre-
diction, requires no training for different datasets, and can
handle arbitrary values of M and N.

We first define the concept of confidence in the context
of this paper:

Z(2)
Confidence = ARe.D * Qmask * ——
Z(1)

where:

* x(1) is the smallest value among N values from the same
source,

* Z(g) is the second smallest value among NN values from
the same source,

* ARe.D 18 @ constant representing our trust in the appear-
ance matching model, which depends on prior knowledge
about the dataset (e.g., how clearly individuals are visible
in the first-person view). For motion scores, Age..p = 1,

* (mask 18 the confidence from Mask R-CNN when detecting
this individual. For motion scores, amag = 1.

Essentially, this calculates the ratio between the two
smallest items from each score source. A higher confi-
dence value indicates a clearer distinction between the most
prominent candidate and the runner-up, while a lower con-
fidence value suggests ambiguity between the two candi-
dates. This ratio helps us evaluate the reliability of each
source of information, guiding how much trust we place in
their respective results.

The CBAF algorithm is presented in Algorithm 1. It
compares the confidence of motion scores against that of
all appearance confidence scores. If the motion scores ex-
hibit the highest confidence, the candidate with the lowest
motion score is selected as the prediction. Conversely, if an
appearance source yields the highest confidence, the corre-
sponding candidate is removed from all sources, and that
source is subsequently eliminated. Examples illustrating
this algorithm are provided in the supplementary materials.

4. Experiments

4.1. Dataset

We introduce TF2025 (Third-First 2025), an expanded
dataset built on the foundation of three datasets: TF2023,
IUShareView, and Ego4D.

We begin by merging TF2023 with IUShareView, as
these two datasets were both recorded in classroom settings,
utilize the same camera models, and feature overlapping ac-
tors. IUShareView [26, 79] was designed for the task of
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Algorithm 1 Confidence-Based Adaptive Fusing (CBAF)

Require: Motion scores {Motiony, ..., Motiony}, ap-
pearance scores { Appearance;, . .., Appearance;n }
fori =1,...,M, Candidates {1,...,N}

1: while len(Candidates) > 1 do

2:  Compute motion confidence: Chotion < %Z%Z:Ef;
3:  Initialize best source s < 0, best confidence Chpeg <—
Cmotion
4:  for each appearance source i = 1,..., M do
5: Compute appearance confidence: Crep;, <
)\R D0 - Appearance;(z)
€ 1 Appearance;(y)
6: if CRe—IDi > Chest then
7 Update s < 7, Chegt < ORe-IDi
8 end if
9:  end for
10  if s = 0 then
11 return Candidates|arg min(Motion)]
12: else
13: Remove the candidate with index arg min(s) from
all sources and Candidates
14: Remove {Appearances, ..., Appearancesy }
from all scores
15 end if

16: end while
17: return Candidates|0)

identifying first-person camera wearers, containing 9 sets
of frame sequences. Later, TF2023 [83] was introduced and
is currently the largest dataset featuring synchronized first-
and third-person views, along with segmentation masks for
every individual in third-person views. Both datasets were
designed to study multi-camera wearer interactions in so-
cial scenarios, such as presentations, discussions and snack
breaks. To support this focus, the official splits of both
datasets include only those frames where actors are actively
engaged in interactions. In TF2025, we address a more
realistic scenario by extracting all frames from the source
videos of these two datasets and constructing continuous
30-frame sequences. The newly incorporated frames intro-
duce significantly greater challenges compared to existing
ones, as examples shown in Fig. 5.

Ego4D [30], launched in 2021, is a large-scale egocentric
dataset with over 3,670 hours of first-person video captured
using wearable cameras. Ego4D does not inherently sup-
port this task, as it primarily consists of egocentric videos
featuring solo camera wearers. To address this, we created
and annotated Ego4D-TF, a subset for cross-view match-
ing. We identified scenes in Ego4D containing at least three
people and at least two synchronized egocentric videos. We
then sampled one of every six frames to match the frame
rate of TF2023 and IUShareview and selected one of the

O\
f ,
- ;

Figure 5. Examples of highly challenging first-person frames in-
cluding camera wearers looking at a whiteboard, ceiling, or being
occluded by their own arms.

first-person views as a “pseudo-third-person” view. Using

YOLOvI11 [45], we extracted segmentation masks for visi-

ble individuals and tracked them across frames for each 30-

frame sequence. We provide a more comprehensive expla-

nation and examples of our annotation method in the sup-
plementary materials.

Manual Synchronization: We performed manual cali-
bration to improve the synchronization accuracy of TF2023
and IUShareView using a technique inspired by the manual
synchronization procedure used in Ego-Exo4D. By iden-
tifying clear single-frame actions visible across multiple
cameras, such as moments when a hand touches specific ob-
jects, we aligned their timestamps across different camera
views. This process reduced the temporal alignment error
by up to 4 frames (0.8 seconds).

Cross-dataset Evaluation: Prior work [83] identified a
phenomenon in this task where some methods may unin-
tentionally exploit dataset biases in third-person views. For
instance, in TF2023, camera wearers often appear more fre-
quently near the center of frames, leading models to learn
visual cues that are not transferable to other datasets or ap-
plications. To address this issue, we constructed a test split
using Ego4D-TF, enabling cross-dataset evaluation to better
assess generalizability.

Dataset Splits: Following prior works in first- and third-
person learning [32, 54], we created three splits designed to
evaluate methods at different levels of generalizability. We
believe this is crucial for evaluating diverse potential appli-
cations. For instance, in an immersive learning environment
where multiple students engage in VR/AR group activities,
the model should be trainable using data from the classroom
and the appearances of the participants. In contrast, in pub-
lic settings such as detecting unauthorized camera wearers,
there may be no prior knowledge of the location or even the
camera models used.

We designed three levels of splits, as outlined below:

1. Seen: We allocated the first 80% of each source video
from TF2023 and IUShareView for training and the re-
maining 20% for testing.

2. Unseen: We split the videos from TF2023 and IUShare-
View such that neither the camera wearers nor the loca-
tions overlap between training and testing.

3. Cross-Dataset: We used data from TF2023 and
IUShareView for training and Ego4D-TF for testing.
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TF2023 TF2025
Methodology Unseen(Acct) | Seen(Acct) Unseen(Acct) Cross-dataset(Acct)
Random guess 32.5% 28.7% 33.1% 46.4%
Sequence baseline 34.7% 39.4% 34.1% 47.0%
ThirdFirstNet [79] 35.4% 31.1% 33.8% 47.4%
PEN [83] 67.2% 85.9% 58.8% 52.9%
Motion matching(ours) 84.6% 88.8% 80.5% 67.7%
Appearance matching(ours) 79.5% 66.1% 63.4% 72.2%
MAF(ours) 90.3 % 93.8% 84.4% 75.7%

Table 1. Experiment Results on TF2025 and TF2023. Models were evaluated by matching a first-person sequence to the correct third-
person candidate, given a third-person sequence and multiple candidate masks. Results are reported in accuracy. We converted the original
TF2023 dataset to 30-frame sequences in order to compare with sequence-based methods.

This ensures no shared individuals, locations, or camera

models between the training and testing sets.

A detailed comparison of the sizes of TF2023 and each
split of TF2025 is provided in Tab. 2.

Dataset | TF2023 | TF2025

Split ‘ Unseen ‘ Seen ‘ Unseen ‘ Cross-Dataset
Number of Frames

Train | 47335 | 104760 | 80490 | 131010

Test | 21689 | 26250 | 50520 | 32880

Total | 69024 | 131010 | 131010 | 160890
Number of Sequences

Train | N/A | 3492 | 2683 | 4367

Test | N/A | 875 | 1684 | 1096

Total N/A | 4367 | 4367 | 5363

Table 2. Detailed Comparison of dataset sizes. TF2025 is ap-
proximately 2.3 times larger than TF2023, offering multiple evalu-
ation splits and providing full 30-frame sequences rather than spo-
radic frame sets.

4.2. Implementation Details and Results

We implemented three baseline methods for comparison:
two frame-based methods and one sequence-based method.

PEN [83] is the current state-of-the-art method for this
task. We applied it to each of the 30 frames and summed its
prediction scores to generate a sequence-level prediction.

ThirdFirstNet [79] originally requires segmentation
masks from the previous frame, making it unsuitable for
this task. Following the adaptation in [83], we modified it to
use the current frame’s masks and the model’s identification
branch. Frame-level predictions were summed to generate
sequence-level results.

Since no sequence-based methods exist for this task, we
implemented a two-stream baseline using two sequence-

based backbones (MViT): one for third-person and one for
first-person sequences. The third-person backbone was
modified to accept 4-channel inputs by concatenating the
candidate mask sequence with the third-person sequence.
Both sequences are fed into their respective backbones and
trained with a contrastive loss: matching sequences mini-
mize the L2 distance between outputs, while non-matching
sequences maximize it. During inference, we also em-
ployed the sliding window approach and selected the can-
didate mask sequence with the minimal cumulative L2 dis-
tance to the first-person sequence.

For our proposed method (MAF), we trained our motion
matching and appearance matching models separately us-
ing the AdamW [52] optimizer with a learning rate of le-4.
Both models were trained to process input images and se-
quences with a resolution of 224 %224 pixels. The motion
matching model was trained with a batch size of 32 for 50
epochs, while the appearance matching model used a batch
size of 64 for 100 epochs. The MViT backbone for motion
matching was pretrained on Kinetics-400 [44], and the ViT
backbone for appearance matching was pretrained on Ima-
geNet [21]. All experiments were conducted on two Nvidia
RTX A6000 GPUs. We set the hyperparameter Age.jp to
1.75, 1.75 and 3 for the three splits, supported by sensitivity
study in supplement materials.

The experimental results are shown in Tab. 1. MAF
significantly outperforms frame-based methods across all
splits, particularly in the unseen and cross-dataset splits,
where higher levels of generalizability are required. On
the original TF2023 dataset, PEN achieved an accuracy of
67.2%. However, its performance dropped to 58.8% on the
unseen split of TF2025 due to the inclusion of more chal-
lenging frames.

We observed that while PEN achieved significant im-
provements over random guessing on both the seen and un-
seen splits, it failed to outperform random guessing by a
large margin on the cross-dataset split. We attribute this
to PEN’s reliance on geometric matching, which requires a
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Dataset \ TF2025

Methodology ‘ Seen ‘ Unseen ‘ Cross-dataset

T only | 85.1% | 738% |  64.2%
R only | 83.0% | 753% |  66.7%
Both (ours) | 88.8% | 80.5% | 67.7%

Table 3. Ablation study on motion calculation.

portion of the view to be visible in both the first-person and
third-person views. Essentially, it assumes that the camera
wearer is facing away from the third-person camera. How-
ever, in the Ego4D-TF setting, where participants often face
each other in board games, this assumption does not hold,
showing its lack of robustness.

The introduced two-stream baseline achieved a slight
improvement over random guessing on the seen split but
did not surpass random guessing on the unseen and cross-
dataset splits by any notable margin. This demonstrates that
the significant improvement of our model stems from its
design of visual cues, rather than the sequence-based back-
bones themselves.

4.3. Ablation studies

We conducted several ablation studies to justify the choice
of our model design in each modules.

First, we validated our design to predict two motion val-
ues separately. We compared this approach to predicting
only one of the two motion values, i.e., T" or R. As shown
in Tab. 3, our method outperformed single-source predic-
tion across all three splits.

Second, we compared our appearance matching model
to the personal branch introduced in PEN [83], as both
methods utilize the appearances of individuals in first-
person views. The results are shown in Tab. 4. We observed
that the personal branch of PEN significantly outperformed
our method on the seen split. This is because the personal
branch model takes both the third-person candidate and the
individual in the first-person view as inputs, learning their
differences implicitly through cross-attention. As a result,
for the seen split, it can memorize the appearance of third-
person camera wearers and make predictions even when no
individual appears in the first-person sequence. In contrast,
our method takes in the L2 distance between individuals
from both views. If no individual appears in the first-person
sequence, our appearance matching method defaults to ran-
dom guessing. However, this does not negatively impact our
overall performance, as our fusion method make predictions
based on the motion matching results when this happens.

On the other two splits, where camera wearers did
not appear during training (unseen and cross-dataset), our
method significantly outperformed PEN, demonstrating
much better generalizability. This finding also underscores

Dataset \ TF2025
Methodology ‘ Seen ‘ Unseen ‘ Cross-dataset
PEN-Personal | 83.0% | 503% |  483%
Appearance (ours) | 66.1% | 63.4% |  72.2%

Table 4. Ablation study on appearance matching.

| Dataset | TF2025

Methodology ‘ Frames ‘ Seen | Unseen ‘ Cross-dataset

|
Nofusing | N/A | 888% | 80.5% | 67.7%
Direct | 16 | 776% | 66.7% |  67.3%
CBAF(ours) | 16 | 91.5% | 822% |  72.9%
Subtraction | 1,1630 | 89.9% | 79.7% |  73.1%
CBAF(ours) | 1,1630 | 93.8% | 84.4% | 75.7%

Table 5. Ablation study on fusing methods.

the benefit of having multiple levels of splits in the TF2025
dataset for evaluation.

Finally, we evaluated the performance of our fusion
method (CBAF). We compared it against two other meth-
ods: subtraction fusing, which subtracts appearance scores
from motion scores, and direct fusing, which uses individu-
als detected in the first-person view to eliminate candidates
based on the order of Mask R-CNN confidence scores and
then selects the best candidate among the remaining, us-
ing motion scores. Since direct fusing cannot handle cases
where the same person appears multiple times, we also
modified our CBAF method to use only frame 16 for com-
parison. The results are shown in Tab. 5.

5. Conclusion

We explore the task of identifying first-person camera
wearers in third-person views. We introduce a new
dataset, TF2025, which integrates two existing datasets
(IUShareView and TF2023) with additional frames, along
with Egod4D-TF, an annotated subset of Ego4D. The
dataset also includes three new splits to evaluate different
levels of generalizability. We propose a novel sequence-
based framework, MAF, which incorporates a new motion
matching method and an appearance matching model. Ad-
ditionally, we introduce a novel method to integrate results
from these two models. Experiments show that our ap-
proach significantly outperforms existing works, achieving
state-of-the-art performance. Future work could incorpo-
rate more egocentric datasets to increase the diversity of
camera wearer appearances and camera models. This could
also lead to improved models for measuring camera motions
and better generalization across various camera models.
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Sequence-Based Identification of First-Person Camera Wearers in
Third-Person Views

Supplementary Material

6. Additional Visualization of Models

We provide detailed visualization of our motion matching
and appearance matching methods in Fig. 6 and Fig. 7.

7. Additional Ablation Studies

We evaluated the choice of backbones and the effective-
ness of the sliding window approach. For this analysis,
we selected two transformer-based video methods, MViT
and Swin3D [51], using their default weights from torchvi-
sion [56], both pretrained on Kinetics-400. We compared
two input strategies: (1) direct prediction using the full 30-
frame sequence (frames 1 to 30), and (2) cumulative predic-
tions from three overlapping 16-frame sequences (frames
1-16, 7-23, and 14-30). This comparison was conducted
using Swin3D, as the pretrained MViT weights do not sup-
port 30-frame inputs. The results of this ablation study are
presented in Tab. 6.

Dataset \ TF2025
Methodology ‘ Seen ‘ Unseen ‘ Cross-dataset
Swin3d w/o sliding window | 74.7% | 632% |  57.7%
Swin3d w/ sliding window | 82.2% | 729% | = 64.5%
MVIiT w/ sliding window | 88.8% | 80.5% |  67.7%

Table 6. Ablation study on backbones and sliding window.

We validated our choice of optical flow computation.
Specifically, we compared our approach of calculating the
hypotenuse of the optical flow components along the x and
y axes against using optical flow from a single direction, as
shown in Tab. 7.

Dataset \ TF2025
Methodology ‘ Seen ‘ Unseen ‘ Cross-dataset
X axis only | 83.1% | 72.8% |  63.3%

Y axis only | 747% | 709% |  63.5%
Hypotenuse of x and y ‘ 88.8% ‘ 80.5% ‘ 67.7 %

Table 7. Ablation study on optical flow directions.

We also performed a sensitivity study on the hyperpa-
rameter Age.;p in CBAF, which balances between motion
and appearance matching. As shown in Tab. 8, optimal val-
ues are 1.75 for the seen split, 1.75 for the unseen split, and
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3 for the cross-dataset split, with minimal differences from
non-optimal values. This demonstrates the adaptability of
our method to different scenarios. For example, the higher
value in the cross-dataset scenario reflects the greater reli-
ability of appearance matching compared to motion match-
ing due to the difference in camera models. In addition,
CBAF exhibits robustness to changes in this hyperparam-
eter, with performance varying only by ~ 1% in the seen
split for values ranging from 1.25 to 2.5.

Dataset | TF2025
ARe-ID ‘ ‘ Unseen ‘ Cross-dataset
O(motion) | 88.8% | 80.5% |  67.7%
025 | 889% | 80.6% | 67.7%
05 | 89.6% | 81.5% | 68.0%
075 | 90.5% | 82.5% |  69.0%
1 | 914% | 82.6% | 71.4%
125 | 93.0% | 83.6% |  73.0%
15 | 935% | 843% |  73.6%
175 | 93.8% | 844% |  73.7%
2 | 933% | 839% |  747%
225 | 929% | 83.6% | 74.8%
25 | 933% | 832% |  75.4%
3 | 923% | 824% |  757%
35 | 919% | 81.8% |  75.5%
4 | 919% | 814% |  752%

Table 8. Sensitivity analysis for the hyperparameter of CBAF.

To further demonstrate the robustness of our model to
the selection of A, we conducted validation by splitting each
test set into three subsets. In each run, we used one subset
to select A, and the remaining two for testing, averaging the
results across all three combinations. As shown in Tab. 9,
this results in only a negligible reduction (< 0.5%) while
we significantly outperform state-of-the-art (~20%).

Selection of A Seen | Unseen | Cross
w/ validation | 93.7% | 84.3% | 75.2%
w/o validation | 93.8% | 84.4% | 75.7%

Table 9. Validation for the selection of A
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Figure 6. Overview of the motion matching model. We employ a sequence-based backbone (MViT) on the cropped third-person candidate
and align it with the motion estimated from the first-person view. For visualization purposes, we rescale the optical flows such that black
represents negative flow, white represents positive flow, and colored masks indicate foreground pixels excluded from motion estimation
due to person detection. There are only 29 frames for first-person because optical flow requires 2 frames to calculate.

Shared Weights

Ego_feature1 Ego_feature2 Ego_features

| Exo_featurer  -eeee Exo_featureso

dist1,dist2,dists

Figure 7. Overview of appearance matching. We apply Mask R-CNN on three selected frames from the first-person view and pass each of
the M detected individuals, along with the third-person candidate, through the re-ID backbone. We then compute the average L2 distance
between each detected individual and the third-person candidate across all 30 frames. This process results in M distance scores.

8. Examples of Fusing Algorithm tions.

To demonstrate our fusion method (CBAF), we provide
step-by-step examples in Figs. 8—11. For clarity in visu-
alization, we set Are.;p = 1 and aypag = 1 for each mask, To create Ego4D-TF, a subset of Ego4D annotated to sup-
enabling us to omit these terms during confidence calcula- port our task, we used the following annotation pipeline:

9. Annotation Details and Data Samples
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Candidates: 1 2 3 4
Motion scores: 12.4 22.3 1.2 5.8

Re-ID scores: None
(Frame 1)

Re-ID scores: None
(Frame 16)

Re-ID scores: None
(Frame 30)

Figure 8. Example 1: No individuals are detected in the first-person view, leading to the prediction of candidate 3 (with the smallest
motion score).

Candidates: 1 2 3 4
Motion scores: 3.7 16.7 21.4 15.8 Conf.=15.8/3.7=4.3

Re-ID scores: 12.4 11.6 5.8 14.7 Conf.=11.6/5.8=2
(Frame 1)

Re-ID scores:  14.3 7.4 13.8 16.1 Conf.=13.8/7.4=1.9
(Frame 16)

Re-IDscores: 11.9 9.2 12.3 17.5 Conf.=11.9/9.2=1.3
(Frame 30)

Figure 9. Example 2: Detected several individuals in first-person view, but motion has the highest confidence, predicting candidate 1.

1070 First, we identified group activity videos in Ego4D contain-

1071 ing at least three people, with at least two videos already
1072 synchronized. From these, we selected one video with a
1073 broad enough view to frequently capture at least two other
1074 people. We then sampled one out of every six frames to

1075 align the frame rate with IUShareView and TF2023, and
1076 applied YOLO-v11 [45] to 30-frame sequences to detect

1077 and track individuals. For sequences where more than two
1078 people were detected, we manually verified the masks of
1079 the first and last frames to ensure quality. Sequences were
1080 rejected if the mask quality was low, or the masks corre-
1081 sponded to different individuals in the first and last frames
1082 (lost tracking). The likelihood of losing tracking during a
1083 sequence was minimal, as all five groups of videos we used
1084 involved board games, where participants rarely made large
1085 movements. We show two examples of accepted annota-
1086 tions in Fig. 12 and two examples of rejected annotations in
1087 Fig. 13.

1088 We also present sample data from the three source

1089 datasets used in TF2025: TF2023, IUShareView, and
1090 Ego4D-TF, illustrating the similarities and differences in
1091 their settings, as visualized in Fig. 14.
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Candidates: 1 2 3 Candidates: 1 3
Motion scores: 2.4 18.7 1.9 Conf.=2.4/1.9=1.3 Motion scores: 2.4 1.9
Re-ID scores: 11.3 11.7 3.6 Conf.=11.3/3.6=3.1 Re-ID scores: 11.3 3.6

(Frame1) 171 6.7 10.7 Conf.=10.7/6.7=1.6 (Frame 1) 171 10.7
Re-ID scores: 16.5 4.2 19.4 Conf.=16.5/4.2=3.9 Re-ID scores:

(Frame 16)  14.0 13.3 9.8 Conf.=13.3/9.8=1.6 (Frame 16)
Re-IDscores: 11.4 9.9 13.1 Conf.=11.4/9.9=1.2 Re-ID scores:

(Frame 30) (Frame 30)

(a) Calculate confidence score for each source. (b) Remove the appearance source with highest confidence,

and the candidate with the smallest score.

Candidates: 1 3 Candidates:
Motion scores: 2.4 1.9 Conf.=2.4/1.9=1.3 Motion scores:
Re-ID scores: 11.3 3.6 Conf.=11.3/3.6=3.1 Re-ID scores:
(Frame 1) 171 10.7 Conf.=17.1/10.7=1.6 (Frame 1)
Re-ID scores: Re-ID scores:
(Frame 16) 14.0 9.8 Conf.=14.0/9.8=1.4 (Frame 16)
Re-ID scores: 11.4 131 Conf.=13.1/11.4=1.1 Re-ID scores:
(Frame 30) (Frame 30)
(c) Recalculate confidence scores. The updated scores are (d) Only 1 candidate 1 remaining, predicting candidate 1.
highlighted in bold.

Figure 10. Example 3: Two candidates (1 and 3) have similar motion scores, a scenario that can occur when both candidates remain idle
during the sequence. Our method resolves this by leveraging appearance information to eliminate candidates.

Candidates: 1 2 3 4 Candidates: 2 3 4
Motion scores: 12.3 1.5 22.7 2.4 Conf.=2.4/1.5=1.6 Motion scores: 1.5 227 24
Re-ID scores: None Re-ID scores:
(Frame 1) (Frame 1)
Re-IDscores: 2.1 11.4 13.2 12.7 Conf.=11.4/2.1=5.4 Re-ID scores: 11.4 13.2 12.7
(Frame 16)  19.6 6.8 17.5 16.3 Conf.=16.3/6.8=2.4 (Frame 16) 6.8 17.5 16.3
Re-IDscores: 13.1 12.7 7.3 15.0 Conf.=12.7/7.3=1.7 Re-ID scores: 12.7 7.3 15.0
(Frame 30) 1.5 16.7 20.1 14.2 Conf.=14.2/1.5=9.5 (Frame 30)

(a) Calculate confidence score for each source. (b) Remove the appearance source with highest confidence,
and the candidate with the smallest score.

Candidates: 2 3 4 Candidates: 3 4

Motion scores: 1.5 22.7 2.4 Conf.=2.4/1.5=1.6 Motion scores: 22.7 2.4 Conf.=22.7/2.4=9.5

Re-ID scores: Re-ID scores:

(Frame 1) (Frame 1)
Re-ID scores: 11.4 13.2 12.7Conf.=12.7/11.4=1.1 Re-ID scores:
(Frame 16) 6.8 17.5 16.3 Conf.=16.3/6.8=2.4 (Frame 16) 17.5 16.3 Conf.=17.5/16.3=1.1

Re-ID scores: 12.7 7.3 15.0 Conf.=12.7/7.3=1.7 Re-ID scores:

7.3 15.0 Conf.=15.0/7.3=2.1

(Frame 30) (Frame 30)
(c) Recalculate confidence scores. The updated scores are (d) Motion score has the highest confidence, predicting candi-
highlighted in bold. date 4.

Figure 11. Example 4: A more complex scenario with two candidates (2 and 4) with similar motion scores. After eliminating two
candidates, the updated motion scores exhibit the highest confidence, leading to the final prediction. This example demonstrates how our
method adaptively selects which source to trust, effectively integrating information from both sources.
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(a) Accepted annotation. (b) Accepted annotation.)

Figure 12. Examples of accepted annotations for Ego4D-TF.
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(a) Rejected due to tracking lost. (b) Rejected due to low quality masks. (The individual to the
left was merged with the legs of the camera wearer.)

Figure 13. Examples of rejected annotations for Ego4D-TF.
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First-person Third-person First-person Third-person

(a) TF2023 and IUShareView (b) Ego4D-TF

Figure 14. Data Comparison We present sample data from TF2023, IUShareView (which share actors and settings), and our labeled
subset of Ego4D, referred to as Ego4D-TF. A key difference between these datasets is that in Ego4D-TF, we treat first-person views as
”pseudo” third-person views. Additionally, Ego4D-TF utilizes head-mounted cameras, whereas TF2023 and IUShareView use chest-
mounted cameras.
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