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Exocentric Video (Input)

Egocentric Video

“The Dark Knight” — Joker

Generated by EgoX

Figure 1. Given a single exocentric video, EgoX generates what the scene would look like from the actor’s eyes. Shown with an in-the-wild
clip from The Dark Knight, our approach achieves realistic and generalizable egocentric generation.

Abstract

Egocentric perception enables humans to experience and
understand the world directly from their own point of view.
Translating exocentric (third-person) videos into egocentric
(first-person) videos opens up new possibilities for immer-
sive understanding but remains highly challenging due to
extreme camera pose variations and minimal view overlap.
This task requires faithfully preserving visible content while
synthesizing unseen regions in a geometrically consistent
manner. To achieve this, we present EgoX, a novel frame-
work for generating egocentric videos from a single exocen-
tric input. EgoX leverages the pretrained spatio—temporal
knowledge of large-scale video diffusion models through
lightweight LoRA adaptation and introduces a unified con-
ditioning strategy that combines exocentric and egocentric
priors via width- and channel-wise concatenation. Addi-
tionally, a geometry-guided self-attention mechanism selec-
tively attends to spatially relevant regions, ensuring geo-
metric coherence and high visual fidelity. Our approach

achieves coherent and realistic egocentric video genera-
tion while demonstrating strong scalability and robustness
across unseen and in-the-wild videos.

1. Introduction

Don’t you wish you could experience iconic scenes from
films like The Dark Knight as if you were the Joker your-
self? Exocentric-to-egocentric video generation makes this
possible by converting a third-person scene into a realistic
first-person perspective. This capability opens up new pos-
sibilities in the film industry, where viewers are no longer
limited to passively watching a scene but can step into it and
become the main character. They can become a superhero
themselves or experience what it is like to play on the field
as an MLB player. Beyond entertainment, egocentric per-
spectives are crucial in fields such as robotics and AR/VR,
where understanding how the world appears from the ac-
tor’s point of view enables better imitation, reasoning, and
interaction [15, 21]. This stems from the fact that humans
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perceive and interact with the world through a first-person,
egocentric viewpoint.

However, generating such first-person perspectives is
challenging, since the model must maintain scene consis-
tency across views by reconstructing visible areas and re-
alistically synthesizing unseen regions. A straightforward
way to achieve this is to use a camera control model. Re-
cent advances in camera control video generation mod-
els [18, 35, 47] have shown impressive performance in gen-
erating consistent views under moderate pose variations.
However, these methods primarily focus on modest view-
point changes, whereas exocentric-to-egocentric video gen-
eration requires extreme camera pose translation that dras-
tically alters the visible field of view. This difference intro-
duces two major challenges. First, extreme viewpoint shifts
result in large unseen regions that must be plausibly synthe-
sized based on scene understanding rather than direct obser-
vation. Second, only a small portion of the exocentric view
corresponds to the egocentric perspective, making it crucial
for the model to distinguish between view-related informa-
tion that should be used as conditioning and unrelated con-
tent that should be suppressed. As illustrated in Fig. 2, ef-
fective generation therefore requires selectively attending to
meaningful regions while discarding irrelevant background
areas and plausibly synthesizing uninformed regions in a
geometrically consistent manner. Therefore existing cam-
era control models do not account for these challenges and
thus often fail in exocentric-to-egocentric video generation.

Due to the inherent difficulty of this task, previous ap-
proaches often avoid generating the egocentric view from
scratch or require additional inputs to simplify the problem.
EgoExo-Gen [43] takes both an exocentric video and the
first egocentric frame as inputs to generate only the subse-
quent sequence. Exo2Ego-V [26] utilizes four simultaneous
exocentric camera views to capture richer spatial context
and reduce the uninformed regions.

To address the limitations of previous approaches, we
propose EgoX, a novel framework that generates egocen-
tric video from a single exocentric video, achieving prac-
tical and generalizable egocentric generation from a sin-
gle exocentric input. Our method leverages the pretrained
spatio—temporal knowledge of large-scale video diffusion
models with minimal modification, enabling the model to
plausibly synthesize unseen regions in a geometrically con-
sistent manner. Specifically, we design a unified condition-
ing strategy that combines exocentric views and egocen-
tric priors through width-wise and channel-wise integration
with clean latent representations, requiring only lightweight
LoRA-based adaptation. Furthermore, a geometry-guided
self-attention allows the model to focus on spatially relevant
regions while suppressing unrelated areas, leading to coher-
ent and high-fidelity egocentric video generation. By effec-
tively leveraging pretrained weights, our approach produces

Egocentric Video

Exocentric Video

s o N
<
<

Sl

4 - . :
am Partially Related

@ oc
Figure 2. Exo-to-Ego view generation example. The model has
to preserve view-related content from the exocentric input, gener-

ate uninformed regions realistically, and ignore unrelated areas for
consistent egocentric synthesis.

high-quality egocentric videos and demonstrates strong
generalization across diverse environments, including chal-
lenging in-the-wild scenarios, as illustrated in Fig. 1.

To summarize, the major contributions of our paper are
as follows:

* We propose a novel framework EgoX for synthesizing
high-fidelity egocentric video from a single exocentric
video by effectively exploiting the pretrained video dif-
fusion models.

e We design a unified conditioning strategy that jointly
combines exocentric video and egocentric priors through
width-wise and channel-wise integration, achieving ro-
bust geometric consistency and high-quality generation.

* We introduce a geometry-guided self-attention and clean
latent representations that selectively focuses on view-
relevant regions and enhances accurate reconstruction,
leading to more coherent egocentric synthesis.

* Extensive qualitative and quantitative experiments
demonstrate that EgoX outperforms previous approaches
by a large margin, achieving state-of-the-art performance
on diverse and challenging exo-to-ego video generation
benchmarks.

2. Related Work

2.1. Exo-to-Ego View Generation

Prior works on exo-to-ego view generation have explored
various conditioning mechanisms and task formulations to
bridge the significant viewpoint gap. Some approaches [26,
27, 31] incorporate exocentric features by concatenat-
ing them channel-wise with the egocentric representation.
However, this method struggles with the fundamental lack
of pixel-wise correspondence between the two viewpoints.
This spatial misalignment makes it difficult for the model
to effectively leverage the conditioning information, often
leading to a poor understanding of the scene geometry,
which can result in overfitting or a degradation in output
quality. Other works, such as 4Diff [10], employ cross-
attention mechanisms to condition the generation on exo-
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centric views. This approach, however, prevents the utiliza-
tion of powerful pretrained diffusion weights, limiting its
generalizability and resulting in lower-quality synthesis.

To address these limitations, other methods utilize ref-
erence frames or multi-view conditions. For instance,
EgoExo-Gen [43] require the first egocentric frame to gen-
erate the rest of the sequence. Exo2Ego-V [26] performs
full video translation but relies on four exocentric video in-
puts and separately trained spatial and temporal modules,
which limits its generalization and fails to fully exploit spa-
tio—temporal priors. In contrast, our model generalizes ef-
fectively using pretrained video diffusion weights while re-
quiring only a single exocentric input.

2.2. Video Diffusion Models

Recent advancements in video diffusion models [1, 5, 6,
14, 39, 45] have led to significant improvements in gener-
ative quality, producing highly realistic and coherent video
sequences. This has spurred a wide range of research ex-
ploring how to utilize these powerful generative capabili-
ties in various applications [9, 19, 20, 32, 49]. A key area
of this research focuses on conditional video generation,
where the synthesis process is guided by specific inputs.
Many works [7, 19, 22, 44, 49] have demonstrated success-
ful control using conditions such as depth maps or static
images.

Building on this, several methods have been proposed for
camera-controlled video generation [4, 28, 47]. These ap-
proaches can be broadly categorized into two main groups.
The first group [3, 4, 29, 42, 46] conditions the diffusion
model directly on camera extrinsic parameters, often repre-
sented as raw matrices or Pliicker coordinates. The second
group [18, 25, 35, 41, 47] first lifts the input video into an
intermediate 3D representation, such as a point cloud. This
3D scene is then rendered from a new, user-specified cam-
era pose, and the resulting image is used as a strong spatial
condition to guide the final video generation.

However, existing methods for camera control are
primarily designed for modest changes in viewpoint.
They struggle to handle the extreme camera pose differ-
ences, a challenge that becomes particularly significant in
exocentric-to-egocentric video generation. Our work ad-
dresses this critical gap by proposing a model capable of
generating coherent egocentric videos from a significantly
different exocentric perspective.

3. Method

Given an exocentric video sequence X = {X;}  and ego-
centric camera pose ¢ = {¢;}f, the goal is to generate
a corresponding egocentric video sequence Y = {Y;}f
that depicts the same scene from a first-person viewpoint.
The key challenge is to preserve the visible content in the
exocentric view while synthesizing unseen regions in a ge-

ometrically consistent and realistic manner. To this end, the
exocentric sequence X is first lifted into a 3D represen-
tation and rendered from the target egocentric viewpoint
(Sec. 3.1), which becomes an egocentric prior video P.
Both P and the original exocentric video X are then pro-
vided as inputs to a video diffusion model (Sec. 3.2). In
addition, a geometry-guided self-attention (Sec. 3.3) is pro-
posed to adaptively focus on view-consistent regions and
enhance feature coherence across perspectives.

3.1. Egocentric Point Cloud Rendering

For this stage, we render an egocentric prior video P €
REX3XHXW yia point cloud rendering from the exocen-
tric view. This prior provides both explicit pixel-wise
RGB information and implicit camera trajectory cues that
guide viewpoint alignment. Specifically, we first estimate a
monocular depth map D™ € REFXH*W for each frame us-
ing a single-image depth estimator [40], and a video-based
depth map DV € RE*H*W yging a temporal depth estima-
tor [8]. Because D™ is estimated independently per frame,
depth values often exhibit slight inconsistencies across time.
In contrast, D" produces a temporally smooth yet affine-
invariant depth estimate. To combine the advantages of
both, we temporally align DV with D™. Following [16],
we optimize affine transformation parameters «, 5 using a
momentum-based update strategy, yielding & = {& f}?:()

and 3 = {Bf}fzo, which represent the per-frame affine
transformations. The final aligned depth is computed as:

Df = %, (1)
a/Dv +p3

where D7 denotes the final aligned depth map. Dynamic
objects are masked out so that only static background re-
gions are used during both alignment and rendering. For
further details, please refer to [16].

After obtaining the aligned depth map D7, we convert it
into a 3D point cloud representation using the correspond-
ing camera intrinsics. We then render the egocentric prior
frames using a point cloud renderer [33]:

P = render(X, D/, ¢), )

where X € RF*3XHXW iq the exocentric RGB video and
¢ is egocentric camera poses.

3.2. Exo-to-Ego View Generation with VDM

As illustrated in Fig. 3, the model takes an exocentric
video X € RFX3XHXW and the egocentric prior video
P € RF*3xH*W' a4 conditioning inputs. Both inputs are
encoded by a frozen VAE encoder, producing latent fea-
tures zp € R/ XXhxw and py e RIXexhxw’ regpectively.
These latents are then concatenated with the noisy latent
2z € RIXexhxw’ o form the input of the diffusion model.

CVPR
#3508

178
179
180
181
182
183
184
185
186

187

188
189
190
191
192
193
194
195
196
197
198
199
200
201
202

203
204

205

206
207
208
209
210
211
212
213

214

215
216

217

218
219
220
221
222
223
224



CVPR
#3508

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

251
252
253
254
255
256
257

CVPR 2026 Submission #3508. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

oo
£
h= VAE
<= ~ Encoder ]
a
m
™ Exo video
Point cloud Bd i
‘ O
: o =
’q‘) > 5
- e VAE
2 — Encoder
(%)
©
[
Ego trajectory Ego prior video

DiT Block XN

[TTTITT]

Noisy

Latent

L | we
-

Geometry Guided ~ Dec°der
Self-Attention

Latent

Cross-AFtentlon Ego video
nll 1 Width-wise
# Trainable Concatenation
o Mask LoRA Channel-wise
m Frozen Concatenation

Figure 3. Overall pipeline. Given an exocentric video input, we first lift it into a 3D point cloud and render the scene from the egocentric
viewpoint to obtain the egocentric prior video. The clean exocentric video latent and the egocentric prior latent are combined via width-
wise and channel-wise concatenation in the latent space, and then fed into a pretrained video diffusion model equipped with the proposed

geometry-guided self-attention.

The egocentric prior latent pgy shares the same viewpoint
as the target egocentric video and therefore preserves pixel-
wise correspondence. We concatenate py with z; along the
channel dimension, providing viewpoint-aligned and tem-
porally coherent guidance during generation. Although pg
offers explicit geometric cues for the regions visible in the
rendered ego view, it remains noisy and lacks substantial
portions of the scene. To complement the missing informa-
tion in the rendered egocentric view, we further use the ex-
ocentric video latent z( to provide broader scene context.
Since the viewpoint of z( differs from that of the noisy ego-
centric latent z;, their features are not pixel-wise aligned.
Therefore, we concatenate xy with z; along the width di-
mension, encouraging the model to infer cross-view cor-
respondences and perform spatial warping implicitly. Un-
like [17], which utilizes SDEdit [30] by concatenating a
noisy conditioning latent with a noisy target latent for con-
ditional generation, our method concatenates the clean la-
tent xo with the noisy z; throughout all denoising timesteps,
while only 2; is updated and x( remains fixed. This design
encourages the model to consistently reference fine-grained
details from x(, enabling more accurate and reliable spatial
warping.

The overall relation between inputs and outputs is de-
fined as:

zi—1 = fo(x0, 2t|z0, polm*, m°), 3)

where fp denotes a single-step denoising function of the
VDM, x is the exocentric video latent, py is the egocentric
prior latent, and m is the binary mask specifying whether
each spatial region is used for conditioning or for synthesis.
Once the sampling is complete, we remove the exocentric
part of the latent and decode only the egocentric part to ob-
tain the final result.

3.3. Geometry-Guided Self-Attention

As mentioned in Sec. 1, the exocentric video condition in-
cludes irrelevant regions that can distract the model dur-
ing exo-to-ego view generation. To address this, we intro-
duce a Geometry-Guided Self-Attention (GGA) that adap-
tively emphasizes spatially corresponding regions between
exocentric and egocentric representations. When egocentric
query tokens gego € R!*¢ attend to exocentric key tokens
kexo € RZIXC, the attention should jointly account for se-
mantic similarity (i.e., appearance) and 3D spatial align-
ment. Ideally, tokens that are both semantically similar and
geometrically aligned with the egocentric viewpoint should
receive higher attention weights, while unrelated or mis-
aligned regions are suppressed to ensure geometric consis-
tency and realism in the generated views.

To achieve this, we leverage self-attention augmentation
with 3D geometric cues. Using the 3D point cloud obtained
in Sec. 3.1, we compute 3D direction vectors from the ego
camera centers ¢ = {¢;}7, ¢; € R?® in world space to

each query and key token position, §, k € R3. The unit di-
k— [

L ~ Tk—eill>

We then compute the cosine similarity between the two di-

rection vectors and incorporate it into the attention compu-
tation as a multiplicative geometric prior.

Specifically, the modified attention logits are formulated
as:

rection vectors are defined as § = 7 qq__ﬁh ,
;

St = Smm +108(9(Gm, kn) - Ag), 4)
g(a, b) = cos_sim(a, b) + 1 3)
where s, , = q”\y” denotes the standard attention log-

its [38] and )\, is a hyperparameter that balances this geom-
etry bias term defined in Eq. (5). We add one to the cosine
similarity term to ensure positive values before taking the
logarithm.

CVPR
#3508

258

259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278

279
280
281
282
283

284

285

286
287
288
289
290



CVPR
#3508

291
292

293

294

295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315

316

317
318
319
320

CVPR 2026 Submission #3508. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Exo video Ego prior y

7’
'y /7
’
o ,
kil W !
< ,
4
’
’
7’

VAE Encoder

DiT Block  :

Geometry Guided
Self-Attention x N
Cross Attention

i \

\

Ay
VAE Decoder AN
\

- \

\

\
e \
[ \

Ego video

Figure 4. Geometry-Guided Self-Attention Overview. 3D direction similarities between egocentric queries and exocentric keys are used
as an additive bias in the attention map, guiding the model to focus on geometrically aligned regions. Although the orange and red directions
are the same key tokens, their directions differ due to different camera centers. The blue—red pairs have similar directions and thus receive
higher scores, whereas the green—orange pairs have opposite directions and obtain lower scores.

Finally, given an egocentric query ¢,, and an exocentric
key k,, the attention weight a,, ,, is computed as:

exp(s’
amn:M (6)

’ l
Ej:l eXP(Slm,j)
. eXp(SmJL) g(quﬁ ];n) Ag (7)
= — .
Zj:l exp(sm,j) g(qma k]) >\g

This formulation allows the attention mechanism to be ex-
plicitly guided by geometric alignment between query and
key directions, improving spatial consistency and visual co-
herence across views.

In image generation, spatial relationships can be encoded
by multiplying rotation matrices to each query and key be-
fore attention, as done in [10, 23, 24, 37]. However, in
video generation, the camera center of gy, changes at ev-
ery frame, making it necessary to compute key directions
relative to each query separately. This implies that the ge-
ometry bias term should be recomputed for every query—key
pair within each frame’s attention operation. As illustrated
in Fig. 4, even ke, located at the same position (e.g. red)
may have entirely different direction vectors (e.g. red and
orange) depending on the camera pose. To handle this, we
compute all pairwise direction similarities between kexo and
Qego and use this term as an additive bias attention mask,
allowing us to reuse optimized attention kernels. This for-
mulation provides a precise geometry-guided self-attention
that effectively aligns exocentric and egocentric representa-
tions.

4. Experiments

In the following sections, we aim to answer the following

research questions that guide our experimental evaluation:

* How does our method outperform existing baselines in
both qualitative and quantitative evaluations? (Sec. 4.2,

Sec. 4.3)

* How accurately does the model reconstruct regions visi-
ble in the exocentric view? (Sec. 4.1, Sec. 4.3)

* How well does the model generalize to unseen scenes and
challenging in-the-wild videos? (Sec. 4.2, Sec. 4.3)

* How does each proposed component contribute to overall
performance and generation quality? (Sec. 4.4)

4.1. Experimental Setup

Implementation Details. To support channel-wise con-
catenation of noisy latent and ego prior latent, we adopt
the inpainting variant of Wan 2.1 (14B) Image-to-Video
model [39] as our base model. We fine-tuned the model us-
ing LoRA (rank = 256) with a batch size of 1, and a single
day on 8 H200 (140 GB) GPUs. For the dataset, we curated
4,000 clips from Ego-Exo4D [12] covering diverse scenes
and actions, using 3,600 clips for training and 400 for test-
ing. Additionally, we collected 100 unseen clips that are not
included in the training set to evaluate generalization perfor-
mance. More detailed information can be found in Sec. F.

Baselines. Among existing exocentric-to-egocentric
video generation approaches, Exo2Ego-V [26] and
EgoExo-Gen [43] serve as representative baselines. We
adopt Exo2Ego-V as our primary baseline, as EgoExo-Gen
does not provide publicly available implementation. With
the rapid progress in conditional video generation and
camera control models, several recent methods have
demonstrated performance comparable to or even sur-
passing Exo2Ego-V. Therefore, we additionally included
Trajectory Crafter [47], a state-of-the-art camera control
model, as well as Wan Fun Control [2] and Wan VACE [19],
which offer distinct conditioning approach. Wan Fun Con-
trol applies channel-wise concatenation for conditioning,
and Wan VACE employs an auxiliary conditioning network,
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Seen Scene

Unseen Scene

Trajectory Wan Fun
Crafter Wan VACE Control

Exocentric view Ego GT Ours Exo2ego-V

Figure 5. Qualitative comparison. Each example shows the exocentric input views and the corresponding generated egocentric views.
While other methods fail to reconstruct realistic and coherent videos, our approach produces geometrically accurate and high-quality
egocentric generations. N/A indicates that the result is unavailable either due to missing ground truth or the need for additional input views.

providing diverse points of comparison for our method. For consistency between the generated egocentric video and
the fair comparison, we finetuned these baselines using the the ground truth. We used SAM?2 [34] to segment and
same training dataset as ours. track objects and DINOv3 [36] to establish correspon-

dences. For each matched object, we evaluated center-
location error, Intersection-Over-Union(IoU), and Con-

Evaluation Metrics. To evaluate the quality of generated tour Accuracy to measure spatial alignment and bound-
videos, we employed three types of criteria. ary fidelity.

« Image Criteria. We measured PSNR, SSIM, LPIPS, * Video Criteria. We measured FVD [11] to evaluate
and CLIP-I to assess how closely each generated frame how closely the generated video aligns with the ground-
matches the ground-truth distribution. truth distribution. In addition, we assessed VBench [48]-

 Object Criteria. Following the object-level evaluation Temporal Flickering, Motion Smoothness, and Dynamic
protocol of Ego-Exo4D [13], we assessed object-level Degree to quantify temporal stability and motion quality.
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‘ ‘ Image Criteria

Object Criteria Video Criteria

Scenarios | Method PSNR{ SSIM{ LIPIS| CLIPIt L‘]’;:;‘;’" | ToU? ACC"C'L‘:;‘; + EVDJ Fﬁfi‘;’i + SmMogm'fm 1 Dg:ga::: +
Exo2Ego-V 1453 0384 0569 0774 15666 0074 0364 62247 0960 0.966 0.985
TrajectoryCrafter | 13.05 0375 0606 0780 10074  0.28 0427 54609  0.960 0.980 0.947

Seen Scenes | Wan Fun Control | 1225 0463 0.617 0810 11257 0076 0417 59507 0968 0.980 0.901
Wan VACE 1295 0413 0626 0829 10962 0114 0376 50869  0.989 0.994 0.673

EgoX (Ours) 1605 0556 0498  0.896 61.81 0363 0546 18447 0977 0.990 0.974

Exo2Ego-V 1270 0439 0597 0679 21432 0003 0296 128350 0971 0.976 0.978
TrajectoryCrafter | 1224 0297 0.619  0.778 19216 0039  0.301 82171 0.966 0.984 0.944

Unseen Scenes | Wan Fun Control | 13.59 0439 0.604 0799 19140 0042 03290 96878 0971 0.985 0.944
Wan VACE 1217 0345 0638 0820 19197 0038 0314 104545  0.995 0.996 0427

EgoX (Ours) 1438 0457 0552 0.877 14993  0.092 0481 44064 0981 0.992 0.989

Table 1. Quantitative Results. Comparison on image, object, and video metrics. Our method achieves the best overall performance, with
Wan VACE showing higher video scores due to static outputs. Best results are highlighted in bold, and second-best results are underlined.

| Image Criteria

Object Criteria

Video Criteria

Location Contour Temporal Motion Dynamic
Method PSNRT  SSIMT LIPS | CLIP-IT Error b Ut Accuracy T FVDl Flickering T Smoothness T Degree T
EgoX (Ours) 16.05 0.556 0.498 0.896 61.81 0.363 0.546 184.47 0.977 0.989 0.974
w/o GGA 14.77 0.539 0.530 0.897 64.30 0.326 0.538 254.08 0.969 0.987 0.877
w/o Ego prior 13.67 0.479 0.573 0.864 90.70 0.417 0.464 211.50 0.974 0.990 0.802
w/o clean latent 15.07 0.528 0.540 0.861 70.17 0.376 0.506 343.33 0.963 0.986 0.864

Table 2. Ablation Study Results. Performance comparison by removing each core component of our framework. The full model achieves
the best results, while excluding geometry-guided self-attention, ego prior, or clean latent conditioning causes performance degradation.
Best results are highlighted in bold, and second-best results are underlined.

4.2. Qualitative Results

Fig. 5 visualizes the qualitative comparisons between our
method and the baselines. Note that in the in-the-wild sce-
nario, ground-truth egocentric videos are unavailable, and
Ex02Ego-V is also not applicable since only a single ex-
ocentric video is provided, which does not meet its four-
view input requirement. Exo2Ego-V fails to generate high-
fidelity frames even when using four exocentric inputs,
whereas our model achieves superior visual quality and gen-
eralizes well to unseen scenes from only a single exocentric
view. Trajectory Crafter struggles with large camera trans-
lations, producing spatial distortions and temporal incon-
sistencies. Both Wan VACE and Wan Fun Control fail to ef-
fectively utilize the exocentric conditioning input, resulting
in mismatched geometry, degraded realism, and the inclu-
sion of irrelevant exocentric content in the egocentric view.
Overall, these results demonstrate that our model effectively
leverages pretrained video diffusion knowledge to generate
geometrically accurate, visually coherent, and highly realis-
tic egocentric videos, maintaining strong performance even
under challenging in-the-wild conditions. More qualitative
results, including temporally aligned visualizations, can be
found in Sec. H.

4.3. Quantitative Results

As shown in Tab. 1, our method achieves the best overall
performance across both image and object criteria. In partic-
ular, we observe a significant performance gap in the object-

based criteria, indicating that our approach preserves scene
geometry and object consistency more effectively than other
baselines. While image-level scores may appear slightly
lower due to the inherent challenge of synthesizing unseen
regions that differ from the ground-truth egocentric view,
our method still achieves the best results across all image
metrics. For video-based metrics, Wan VACE records the
highest temporal smoothness and flicker scores. However,
this is largely attributed to its generation of overly static
videos with limited motion, resulting in low dynamic re-
alism. In contrast, our model produces temporally coherent
and visually dynamic sequences, demonstrating a better bal-
ance between spatial fidelity and motion realism.

4.4. Ablation Study

We conducted ablation studies to evaluate the contribu-
tion of each core component in our framework, including
the geometry-guided self-attention (GGA), the egocentric
prior conditioning, and the clean latent representation. For
each ablation variant, one component was removed while
keeping all other settings identical. Quantitative evaluations
were performed on the seen scene subset to ensure a con-
trolled comparison. As shown in Fig. 6 and Tab. 2, remov-
ing any of these components results in a noticeable perfor-
mance drop, both qualitatively and quantitatively. Without
GGA, the model fails to maintain geometric alignment, at-
tending to broad and unrelated regions, which leads to spa-
tial inconsistency. Without the egocentric prior, the model
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Exocentric view

Ego GT Ours

w/o Ego Prior w/o clean latent

Figure 6. Ablation qualitative comparison. Visual results when removing each core component. Removing any single component—GGA,
the egocentric prior, or the clean latent representation—results in degraded generation quality and geometric consistency.

1.0

w/o GGA

0.5

w GGA

0.0

Exocentric view

Egocentric view

Figure 7. Attention map visualization. Visualization of the at-
tention weights when querying the center token of the egocen-
tric view. Without GGA, the model attends to unrelated regions,
whereas with GGA, attention is concentrated on related regions,
highlighting improved spatial alignment.

lacks explicit pixel-wise and camera trajectory information,
thus struggling to follow the correct viewpoint and produc-
ing visually implausible frames. Without the clean latent,
the exocentric latent is concatenated in a noisy state, which
blurs fine-grained details. As a result, the target latent fails
to preserve these details, leading to missing or degraded ob-
ject structures. In the last row of Fig. 6, for instance, the
model does not generate the spoon or the small circular in-

gredients on the cutting board that appear in the ground-
truth egocentric view.

To further demonstrate the effectiveness of the geometry-
guided self-attention, we visualize the attention maps
queried by egocentric tokens. As shown in Fig. 7, without
GGA, the model attends to broad irrelevant regions, while
with GGA, it sharply focuses on view-relevant areas, rein-
forcing geometric coherence and stabilizing feature align-
ment. Additional ablation studies are provided in Sec. G.

5. Conclusion

We introduce EgoX, the first framework capable of gen-
erating egocentric videos from a single exocentric input
while achieving strong generalization across diverse scenes.
Our method introduces a unified conditioning strategy that
combines exocentric and egocentric priors via width- and
channel-wise concatenation for effective global context and
viewpoint alignment, while leveraging lightweight LoRA-
based adaptation to preserve the pretrained video diffu-
sion model’s spatio-temporal reasoning ability. Further-
more, clean latent representations and geometry-guided
self-attention enable the model to selectively focus on spa-
tially relevant regions and maintain geometric consistency,
resulting in coherent and high-fidelity egocentric genera-
tion. Despite its effectiveness, our current framework re-
quires an egocentric camera pose as input. Although this
information can be provided interactively by users, incor-
porating an automatic head-pose estimation module would
be a valuable future direction.
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