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In the supplement materials, we first elaborate on the annotation and cleaning details of EgoVid.
Then we present additional training details of different baselines and the proposed EgoDreamer.
Subsequently, the evaluation details are elaborated. Finally, we present additional visualizations.

Figure 1: Videos cleaned from the five-point optical flow strategy (average optical flow below 3, and
the proportion of optical flow (>12 pixels) is greater than 3%). This strategy retains videos with a
static background while capturing detailed and extensive motion in hands.
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Figure 2: Five-point optical flow distribution.

A Annotation and Cleaning Details

A.1 Kinematic Annotation Details
To enhance kinematic annotation accuracy, we fuse camera poses from IMU and ParticleSfM [1]],

utilizing the Kalman filter. First, we filter the IMU data to remove gravitational components and
noise. Next, we employ least squares estimation to determine the initial velocity and scale factor for
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Figure 3: The video visualization comparison across different data cleaning strategies reveals distinct
outcomes, where the blue box highlights the difference. Videos generated by strategy-1 fail to capture
local motion and tend to be stationary. In contrast, videos produced by strategy-2 exhibit excessive
motion, compromising semantic coherence. Meanwhile, videos generated by strategy-3 effectively
model intricate hand movements, striking a balance between motion strength and semantic fidelity.

the ParticleSfM poses. Finally, we align both the IMU poses and ParticleSfM results to the camera
coordinate system (detailed explanations of these processes can be found in the main text). The
Kalman filter implementation involves the following steps:

Thq state vector X = [x,y, 2,415 425 435 44, Vs Uy, v.] is iniyialized from IMU pose to represent
position, quaternion, and velocity. The error covariance matrix P, process noise covariance Q and
observation noise covariance FR are initialized as 0.1 - I;9x 10, 0.01 - I;gx10 and 0.1 - I7«7. In the
prediction step, the state transition function f is applied to predict the next state:

Xpp—1 = f (Xp—1, ), 1)

where uy, consists of IMU readings, and f predicts the next state by updating the current state through
integration, incorporating the linear acceleration and angular velocity measured by the IMU. The
covariance of the predicted state is updated as:

Pyy_1 =FP, 1 F" +Q, 2)

where F is the Jacobian of the transition matrix. In the update phase, we compute the measurement
residual yg:

yi =X — Hxgp_1, 3)

where X' = [z/,y/, 2/, 41, 45, 45, ¢}] is the ParticleSfM pose, H = {ISOX?’ 140 .
X

] ] is the Jacobian of
the observation model.

The innovation covariance Sy, is given by:

Sk =HP,;,\H" + R, 4)
and the Kalman gain is calculated by:
Ky =Py H'S, " (5)
The state estimate is then updated:
X = Xg|h—1 + KgYk- (6)

Finally, the error covariance matrix is updated:
Pp = (I- K H)Ppj_1. (7)

This iteration continues for each IMU reading, yielding a refined series of pose estimates.
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Figure 4: Video generation quantitative comparisons between different data cleaning strategies, where
the baseline is DynamiCrafter [2] initialized with its original weights.

A.2 Data Cleaning Details

Data Cleaning Strategy Comparison. Strategy-1 enforces strict text-frame (CLIP7r > 0.275)
and frame-frame (CLIPrr > 0.8) consistency, retaining videos with average optical flow > 3 and
DOVER score > 0.3, forming the subset EgoVid-1M-1. DynamiCrafter [2], finetuned for one epoch
on this subset, achieves the highest semantic consistency (Fig. ). However, the strict filtering favors
slow-motion videos, leading to weak motion strength and suboptimal generation. Strategy-2 relaxes
the thresholds (CLIPrr > 0.27, CLIPrr > 0.75), and selects videos with optical flow between
3 and 40 and DOVER score > 0.3, yielding EgoVid-1M-2. Finetuning improves motion strength
but introduces artifacts and fragmentation, degrading text-frame consistency below the baseline.
Strategy-3 further lowers the thresholds (CLIPrr > 0.26, CLIPrr > 0.7) and adds an action
consistency constraint (EgoVideo score > 0.22). Videos with optical flow between 3 and 35 and
DOVER score > 0.3 are retained, along with low-flow videos (flow < 3) if over 3% of pixels exceed
12-pixel motion. This yields EgoVid-1M-3, which achieves the best CD-FVD score by balancing
semantic, motion, and action consistency. The 5-point optical flow filter emphasizes local motion,
capturing fine hand movements (Fig.[d) better than the static results of Strategy-1 and the exaggerated
motion in Strategy-2.

Five-Point Optical Flow Filtering. A typical approach to describe video motion strength is optical
flow [3]]. Therefore, we first represent video motion by averaging global optical flow. Notably, this
approach only encapsulates the average motion magnitude. However, in egocentric scenarios, where
a substantial portion of the scene remains static and only foreground elements (e.g., hands) exhibit
motion, applying a filtering strategy based solely on average optical flow may result in the inadvertent
exclusion of valuable, fine-grained hand movement data. Therefore, as a supplement, we calculate
the five-point optical flow, which involves the proportion P,,..,, of optical flow score across different
pixel intervals:

Day 0(m < [F(z,y)] <n)
N 3

P m~n — (8)
where [V is the total pixel number, F’ is the optical flow map, ¢ is the indicator function. Specifically,
we calculate Py.4, Pys, Ps~12, P12~16, P16~ their distribution is shown in Fig@ We performed
data filtering based on the five-point optical flow, as illustrated in Figure. (1} where the average optical
flow magnitude is less than 3 pixels, and over 3% of the pixels exhibit motion greater than 12 pixels.
The figure shows that although most of the background elements remain static, the hand movements
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Figure 5: Semantic consistency comparison between our text annotation and the original human
narration.

are dynamic and extensive. Such data are beneficial for training egocentric video generation with
subtle hand motions.

Semantic Consistency Comparison. In the Ego4D dataset, only human narrations are available
as text annotations. However, these narrations are relatively simple and lack semantic alignment
with the video frames. To address this, we first employ a multimodal large language model (MLLM)
[4] to generate detailed captions for the videos. Then, a large language model (LLM) [3] is used to
summarize egocentric action descriptions from these detailed captions. We calculate the semantic
consistency between captions and the frames using CLIP [6]]. As shown in Figure.[5] the semantic
similarity of our generated captions is significantly higher than that of the original human narrations.

Visualization Comparison between Cleaning Strategies. As illustrated in Figure. (3] strategy-3
accurately models intricate hand movements, in contrast to the stationary visuals of strategy-1 and
the exaggerated motion of strategy-2. Specifically, as indicated by the blue box, videos generated
using strategy-1 often fail to capture local motion and appear static. Conversely, videos produced
with strategy-2 show too much motion, which undermines semantic coherence. On the other hand,
videos generated by strategy-3 successfully model complex hand movements, achieving a balance
between motion intensity and semantic accuracy.

B Training Details

We validated the effectiveness of our EgoVid-5M using video diffusion baselines with different
architectures, including U-Net (SVD [7] and DynamiCrafter [2]]), and DiT (OpenSora [8]]). The
training details are as follows: (1) For SVD, we employ the pre-trained 1.1 Versiorﬂ and extend its
img-to-video architecture to an Image+Text-to-Video setup. Specifically, we replace the image CLIP
branch with a text CLIP branclﬂ which is aligned with the image CLIP version used in SVD. During
training, input videos are resized to 480p, and we employed the EDM scheduler [9] with a learning
rate of le-4 and a batch size of 64, finetuning on EgoVid-1M-3 for one epoch. (2) For DynamiCrafter,
we leverage the pre-trained model at 512 resolutionﬂ Videos are resized to 480p during training,
utilizing the DDPM scheduler [10] with a learning rate of 1e-5 and a batch size of 64. The finetuning
was conducted on EgoVid-1M-3 for one epoch. (3) For OpenSora, we used the pre-trained version 1.2
modeﬂ adjusting its data bucket strategy to train only on 480p inputs, and set mask ratios to mask
only the first frame. The model was trained with the RF [11}[12] scheduler, a learning rate of le-4,
and a batch size of 64, using EgoVid-1M-3 for one epoch.

"huggingface.co/stabilityai/stable-video-diffusion-img2vid-xt-1-1
huggingface.co/openai/clip-vit-base-patch32
*huggingface.co/Doubiiu/DynamiCrafter_512
*huggingface.co/hpcai-tech/OpenSora-STDiT-v3
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Figure 6: Visualizations showing that EgoDreamer can generate action-driven egocentric videos
based on high-level text descriptions.
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Figure 7: Visualizations showing that EgoDreamer can generate action-driven egocentric videos
based on low-level kinematic control.

For EgoDreamer, we first initialize it with the pre-trained model at 512 resolution [2], then Ego-
Dreamer are further trained on EgoVid-1M-3 to adapt to egocentric scenes, with batch size 64 and
learning rate le-5. Finally, we finetune the proposed Unified Action Encoder (UAE) and Adaptive
Alignment (AA) using EgoVid-65K, with batch size 32 and learning rate le-5.

C Evaluation Details

The evaluation metrics are mainly from AIGCBench and VBench [14]], along with other metrics
such as CD-FVD [13], EgoVideo score [16] and kinematic consistency (Translation Error and
Rotation Error) [18]]. These metrics are as follows:



95
96

97
98
99

chaw shoes using a brush.

Cooking with a spatula, in the kitchen.

Knit on an armchatr.

Transfer onions to a pot.

Figure 8: Visualizations verifying that EgoDreamer can generate diverse egocentric videos based on
action descriptions.

Overall Quality. CD—FV]ﬂis utilized to measure spatial and temporal quality. Compared with
traditional FVD [19], CD-FVD favors both quality and motion of video frames.

Semantic Consistency. CLIFﬁ [6] is employed to calculate the semantic consistency of text and
frames. We uniformly sample four frames from each generated video, calculate the similarity between
each frame and the text using CLIP, and then compute the average similarity score.

3 github.com/songweige/content-debiased-fvd
®huggingface.co/openai/clip-vit-large-patch14
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Action Consistency. EgoVideoE] [[L6] is utilized to calculate the action consistency of text and frames.
In this metric, four frames are uniformly sampled from each video to calculate the action similarity
between frames and text.

Motion Strength. We employed the optical flow score to quantify the motion strength in videos.
Specifically, we utilized the RAFT modeﬂ [13] to calculate the optical flow score. For each video, we
sampled frames at 8-frame intervals as input to the model. The motion strength of the video segment
was then determined by averaging the optical flow scores across all sampled frames.

Motion Smoothness. To assess the continuity of motion in the generated video, we utilize the AMT
modeﬂ [16]. Specifically, for a generated video with frames [fo, f1, ..., fon—1, fon), We remove the
odd-numbered frames, resulting in [fo, f2, ..., fon]. The AMT model is then employed to interpolate
the omitted frames [ fl, f3, . fgn,l]. Finally, we compute the mean absolute error between the
interpolated frames and the original ones.

Clarity. We leverage DOVERET] [20] to calculate the video clarity, and we use the fused score that
focuses on both aesthetic perspective and technical perspective.

Kinematic Consistency. Following [18}[17], we assess kinematic consistency using translation error
and rotation error, which measures the difference between COLMAP poses and the ground truth
poses in the canonical space:

tr (Ri,RLT) — 1

gen

n
RotErr = Z arccos

5 ) ©))
i=1
n
TransErr = Z HT;t — T;enH2 , (10)
i=1
where R, R, are the generated and ground truth rotation matrix for the i-th frame. T}, T} are

translation vectors for the generated and ground truth camera translation in the i-th frame.

D Visualizations

We conducted additional visualizations of the results generated by EgoDreamer. As shown in Figure.
EgoDreamer can leverage action descriptions to generate diverse egocentric videos, encompassing
scenes such as householding, cooking, knitting, gardening, and music. These videos include both
subtle hand movements and more extensive movements involving walking. Furthermore, as illustrated
in Figure. [6] given the same initial frame, changing the high-level text descriptions can generate
egocentric videos that comply with semantic control. Lastly, as depicted in Figure.[7} given the same
initial frame, altering the low-level kinematic control can generate egocentric videos that conform to
pose control.

"drive.google.com/file/d/1k6f1eRdcL17IvXtdX_J8WxNbju2Ms3AW/view
8 github.com/princeton-vI/RAFT
*huggingface.co/lalalal25/AMT/resolve/main/amt-s.pth
"huggingface.co/teowu/DOVER/resolve/main/DOVER .pth
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