Supplementary Material: Appendix

A. Overview

This appendix provides additional details and analyses to
support the findings presented in the main manuscript. We or-
ganize this material as follows: B describes the specification
of the subsets and annotations used for evaluating egocentric
spatio-temporal action understanding on EPIC-KITCHENS
and Ego-Exo4D. Section C presents detailed information
about the implementation and experimental configurations.
Later, Section D showcases additional qualitative results and
visual examples. Section E presents ablation studies on de-
scription types for audio features, audio extraction window
size, audio robustness to background noise and audio inte-
gration strategies. Sections F and G discuss the limitations
of our approach and broader societal implications. Finally,
we conclude with Section H, which provides a complete list
of all assets used in this work.

B. Data Preprocessing

B.1. EPIC-KITCHENS subset

We evaluate on scenes from the EPIC-KITCHENS (EK-100)
dataset [, 2] that meet the following criteria: (1) availabil-
ity of segmentation masks from VISOR [3], (2) released
estimated camera poses from EPIC Fields [15], and (3) exist-
ing corresponding audio annotations from EPIC-Sounds [6].
These criteria ensure comprehensive multimodal ground
truth for our analysis. We select 7 representative scenes that
provide diverse kitchen environments, action types, camera
motions, and acoustic conditions.

B.1.1. Training and Test Splits

Each video is split into training and test sets. The training
set is used for reconstruction and feature distillation, while
the test set evaluates generalization to unseen views. To
construct a reliable test set based on manually verified seg-
mentation masks (VISOR GroundTruth-SparseAnnotations),
we apply a two-stage sampling strategy:

1. Action coverage: we sample frames with manually anno-
tated masks from different actions, ensuring at least one
frame per action (within action).

2. Background coverage: When possible, we sample twice
as many frames from non-action segments of the video
(outside of action). In action-dense scenes (>80% ac-
tion coverage), we proportionally reduce background
sampling while maintaining temporal diversity where
possible, which ensures balanced training data and fair
evaluation across all test frames.

The remaining frames are allocated to the training set.
Some frames are later excluded from both splits due to miss-
ing camera pose annotations in EPIC Fields [15]. Similarly,
actions without corresponding manual segmentation masks

in VISOR [3] are removed from the test set.

To support reproducibility and future benchmarking, we
release our training and test splits alongside the source code.
Detailed dataset statistics are provided in Table 1.

B.1.2. Annotation Refinements

To associate actions with sound descriptions, we use anno-
tations from EPIC-Sounds [6]. An action is paired with a
sound description if its timestamp aligns. In cases where
multiple sound descriptions align with a single action, we
compute text feature embeddings for each and use their aver-
age representation during retrieval.

To ensure the reliability of the ground truth in our evalua-
tions, we perform minimal refinements to address objective
annotation inconsistencies visible in the video frames. The
adjustments were made only when necessary to enable accu-
rate interpretation of the depicted actions.

Refined ambiguous narrations. As shown in Figure | (left),
we refined ambiguous narrations in several instances. For
example, narration ID P18_01_41, originally described as
“put back in toaster”, was refined to “put back bread slices in
toaster”. Similarly, for P18_01_ 36, the narration “place it
on the plate” was modified to “place knife on the plate”.

Consolidated action segments. We also consolidated re-
dundant action segments. As shown in Figure | (center), seg-
ments P18_02_13 (“wash coffee pot”) and P18_02_14
(“still washing coffee pot”) were merged into a single, con-
tinuous action to better reflect the uninterrupted activity.

Extended temporal range. In a few cases, we also re-
fined the temporal range of the actions. For instance, in
segment P18_02_23, shown in Figure | (right), the action
“spread peanut butter onto toast” was initially annotated to
end too early. We extended the segment to include all rele-
vant frames, such as the bottom frame, in which the action is
still visibly ongoing.

In total, we refined the annotations of 18 out of 112 ac-
tions (approximately 16%), keeping the changes minimal
and limited to essential corrections. The 112 action seg-
ments (2-33 per scene) average 3.32 s (226.35 frames) each,
combining 20 verbs and 33 nouns into 94 unique narrations.
The action distribution shows that most narrations (78) oc-
cur once, 15 twice, and "open drawer" 4 times as the most
frequent. All updated annotations will be released to ensure
fair and consistent comparisons in future work.

B.2. Ego-Exo04D subset

To demonstrate our framework’s generalizability across dif-
ferent activity domains, we construct an additional evalua-
tion subset from Ego-Exo4D [5], a large-scale multimodal
dataset capturing diverse human activities from both egocen-
tric and exocentric viewpoints. We selected two representa-
tive egocentric scenes with complementary characteristics:



Table 1. EK-100 Subset Statistics. Statistics per scene for the EK-100 subset used in our experiments. KID: EK-100 video ID. Length (s):
full video duration in seconds. Frames: total number of original frames. w/ Poses: frames with registered camera poses from EPIC Fields.
w/ GT Masks: frames annotated with GT VISOR segmentation masks. Train/Test: number of frames included in our training and test splits.
Actions: action segments with at least one frame with ground truth VISOR annotations. A w/ Sound: number of these actions that also have
corresponding audio annotations from EPIC-Sounds [6].

ID KID Length (s) Frames w/Poses w/GT Masks Train Test Actions A w/Sound

01 P09_07 55 3325 3013 32 2931 48 10 7
02 P32_07 29 1745 1728 6 1710 17 3 3
03 PI18_01 166 9992 9832 69 9627 162 33 26
04 P18_02 190 11435 11342 44 11215 90 24 13
05 P04_26 37 2219 2084 4 2073 11 2 2
06 PO3_11 53 3164 2654 29 2578 52 10 9
07 PO6_11 77 4624 4106 36 4008 65 17 7
Refined ambiguous narrations Consolidated action segments Extended temporal range

“place it on the plate” “still washing coffee pot”

Figure 1. Annotation Refinements. Left column: Examples of clarified narrations. Top: P18_01_41:frame_0000008680
was refined from “put back in toaster” to “put back bread slices in toaster”. Bottom: P18_01_36:frame_0000007662 was
refined from “place it on the plate” to “place knife on the plate”. Middle column: Consolidated action segments. Top frame
(P18_02_13:frame_0000005760) labeled “wash coffee pot” and bottom frame (P18_02_14:frame_0000007395) labeled
“still washing coffee pot” were merged into a single continuous action with a single annotation. Right column: Extended temporal range.
Action segment P18_02_ 23 originally included the top frame (frame_0000010407) for “spread peanut butter onto toast” but excluded
the bottom frame (frame_0000010740), where the action was still ongoing. This frame was added to accurately reflect the full action
duration.

(1) unc_basketball_03-31-23_01_7 (48s, 35 origi- B.2.1. Manual Annotation Process
nal narrations, 6 unique actions) capturing dynamic sports ac-
tivities in a basketball court, and (2) fair_bike_06_10
(35s, 9 original narrations, 7 unique actions) documenting
technical repair activities in a bike workshop. These scenes
complement our EK-100 evaluation by providing different
environmental conditions, activity types, and motion dynam-
ics.

Unlike EK-100, which leveraged existing multi-source an-
notations, the Ego-Exo4D scenes required comprehensive
manual annotation across all modalities to provide suitable
ground truth for our evaluation. Our annotation process
included:

1. Action boundaries and narrations. We refined and con-
solidated the narrations provided by Ego-Exo04D to match
the concise style of EK-100, mainly containing [verb +



object], as the original descriptions were overly detailed
for our task requirements. For example, the original Ego-
Exo04D provides highly granular descriptions such as "C
shoots a jump shot at the hoop with both hands" and
"The basketball bounces off the rim," which we consoli-
dated into simpler actions like "shoots basketball at the
hoop" and "catches basketball." Additionally, we manu-
ally annotated action boundaries as only timestamps were
provided in the original annotations.

2. Segmentation masks. We combined existing segmen-
tation masks provided by Ego-Exo4D with additional
masks generated using SAM2 [13] to ensure comprehen-
sive coverage, as not all frames and relevant objects had
annotations in the original dataset. Notably, hand seg-
mentation was not included in the original annotations,
requiring us to generate these critical masks for egocen-
tric activity understanding.

3. Audio annotations. We manually annotated correspond-
ing sound descriptions to enable multimodal evaluation
consistent with our EK-100 analysis.

All annotations were carefully reviewed to maintain con-
sistency with our evaluation framework and ensure high-
quality ground truth for reliable assessment. In total, we
processed and refined annotations for 44 narrations across
both scenes (35 from the basketball scene, 9 from the bike
scene), consolidating them into 13 unique actions.

To match the conditions of our EK-100 evaluation, we
estimated camera poses for the Ego-Exo4D scenes using the
EPIC Fields approach [15], enabling consistent 3D recon-
struction and neural rendering across both datasets.

B.2.2. Training and Test Splits

Similar to the EK-100 subset, each video is split into training
and test sets following our two-stage sampling strategy. We
apply the same approach of ensuring action coverage by
sampling frames from different actions, and background
coverage by including frames from non-action segments
where possible. Detailed dataset statistics are provided in
Table 2.

To support reproducibility and future benchmarking, we
will release our annotations, training and test splits alongside
the source code.

C. Implementation Details

C.1. Mask and Crop Generation

We compute dense feature maps for every third frame and
extract object-centric crops fully automatically via SAM [9]
and SAM2 [13], requiring no manual annotations or human
intervention, building on the implementation of Zrporz [18].
SAM is applied using a 32 x 32 grid of point prompts. The
resulting masks are filtered based on the following crite-
ria: Intersection-over-Union (IoU) with previously selected

masks less than 0.7, stability score of at least 0.85, and over-
lap ratio below 0.7. Each retained mask is assigned a unique
masklet ID. These masks are then propagated across sub-
sequent frames using SAM?2, ensuring the consistency of
masklet IDs. Every 20 propagated frames, we compute the
uncovered area ratio. If this ratio increases by more than 1%
relative to the baseline established at the previous keyframe,
we treat this as a significant scene change. At these change
points, SAM is reapplied to the current frame to detect new
objects and update the set of active masklets accordingly.

To generate the final crops, we compute the largest bound-
ing box that encloses all masks associated with each masklet
instance over a fixed-length video clip. For practical reasons,
we define the clip duration as the temporal input length of
the downstream VideoLM. For each crop, we center this
bounding box on the current position of the object and pad
it to form a square. This ensures consistent spatial framing
and contextual integrity while aligning with the VideoLM
input requirements. Pixels not associated with any masklet
receive only RGB supervision during NeRF training, while
the feature distillation loss is applied exclusively to masked
regions.

C.2. Feature Extractors

We extract features using the following pretrained models:

e CLIP [7]: Visual features extracted using OpenCLIP ViT-
B/32.

» SigLIP [16]: Visual features extracted using SigL.IP-B/16
with 256 image patches.

* ImageBind [4]: Visual and audio features extracted using
ImageBind-H.

* LaVilLa [17]: Zero-shot visual features extracted using
LaViLa TSF-B.

* EgoVideo [11]: Video features extracted using the
EgoVideo model with 4-frame input segments.

C.3. NeRF Training

We extend the three-stream architecture of NeuralDiff [14]
by adding a two-layer MLP to each feature stream. The
output dimension of each MLP matches the corresponding
feature embedding size: 256 for LaVilLa, 512 for CLIP and
EgoVideo, 768 for SigLIP, and 1024 for ImageBind. We
train separate models for each feature type on a per-scene
basis. Each experiment takes approximately 10 hours on a
single NVIDIA A6000 GPU.

Training is conducted using hierarchical sampling with
separate coarse and fine networks. We use a batch size of
1024 and optimize with Adam for 10 epochs. The initial
learning rate is set to 5 x 10~% and decays following a cosine
annealing schedule. All feature embeddings are normalized
after the rendering stage.

The average rendering time per frame for inference varies
by feature type, ranging from approximately 3 minutes for



Table 2. Ego-Exo4D Subset Statistics. Statistics per scene for the Ego-Exo4D subset used in our experiments. Scene ID: Ego-Ex04D
video identifier. Length (s): video duration in seconds. Frames: total number of original frames. Train: number of frames included in our
training split. Test: number of frames included in our test split. Actions: unique action types with ground truth annotations.

ID Scene ID Length (s) Frames Train Test Actions
01 unc_basketball_03-31-23_01_7 1511 1463 44 6
02 fair_bike_06_10 1059 1027 32 7

LaVilLa to 10 minutes for ImageBind. Rendering is per-
formed with a chunk size of 1024 to limit memory usage,
measured on a single NVIDIA A6000 GPU. Since AViION4D
is agnostic to the underlying 3D representation, it can be
integrated with more efficient rendering techniques, such
as Gaussian Splatting [8], to significantly reduce rendering
times.

C.4. Audio-Visual Relevance Score Fusion

To account for differences in score distributions and dynamic
ranges across models, we use model-specific a values to fuse
visual and audio similarity scores. A uniform o would be
suboptimal, as the relative contributions of visual and audio
features vary significantly between models. These variations
influence both the scale and the effectiveness of cross-modal
fusion, directly impacting localization performance. We de-
termine the optimal « values via grid search, resulting in the
following settings: LaViLa (0.5), CLIP (0.5), SigLIP (0.9),
EgoVideo (0.8), and ImageBind (0.8). This adaptive weight-
ing ensures a balanced contribution from both modalities,
leading to consistently improved localization performance
across all models.

D. Qualitative Results

The sequence in Figure 2 shows a person washing their
hands at a kitchen sink (1), followed by washing a plate
(2), and finally washing a coffee pot (3, 4) before placing
it to dry (5, 6). The corresponding heatmaps below track
temporal actions, with brightness indicating similarity scores.
The model successfully identifies and localizes coffee pot
washing while distinguishing it from other washing activities.
Spatial predictions are accurate, with activations consistently
focused on the sink area and intensifying during coffee pot
washing.

Figure 3 demonstrates the advantage of video-based mod-
els (EgoVideo, LaVilLa) over image-based models (CLIP,
SigLIP, ImageBind) for temporally opposite actions. Video
models correctly distinguish “take bread slices out of toaster”
from “put back bread slices in toaster”, while image-based
models confuse these visually identical but temporally op-
posite actions, despite some (SigLIP, ImageBind) retrieving
semantically related content.

Additional qualitative results (see Figure 4) demonstrate

that relying solely on visual features can cause inaccurate
spatio-temporal action localization, while incorporating au-
dio enhances accuracy by providing action-specific auditory
cues for both image and video models. For example, the
query “wash spoon” is initially localized by CLIP to a static
scene, but when the sound of running water is included, the
action is correctly identified. For LaViLa when dealing with
the query “take peas”, audio helps suppress noise artifacts,
enabling precise spatio-temporal localization.

E. Additional Ablations

In this section, we evaluate different components of
AViON4D, complementing the main ablation in the
manuscript. Unless otherwise specified, for these experi-
ments we use all seven scenes of the EK-100 subset with
CLIP, LaViLa, and EgoVideo models.

E.1. Audio Window

We evaluate audio window lengths of 1, 2.5, and 3.5 sec-
onds for extracting audio segments per frame (Table 3). The
1-second window falls below ImageBind’s requirement of ap-
proximately 2-second audio clips sampled at 16 kHz (32,000
samples), triggering zero-padding and degrading audio fea-
ture quality. On the other hand, the 3.5-second window
introduces excessive context, potentially overlapping infor-
mation between unrelated frames, which also negatively
affects performance. The 2.5-second window achieves the
best trade-off as it is long enough to avoid padding while re-
maining temporally focused, leading to the highest accuracy
across all three models.

E.2. Text Prompts

AViON4D computes a relevancy score by comparing audio
embeddings with textual descriptions. These queries can be
either the same action descriptions used for visual similar-
ity or dedicated descriptions of the associated sounds. In
our setup, we use paired sound descriptions from the EPIC-
Sounds Dataset. In this ablation, we compare this approach
to using sound descriptions automatically generated by a
Large Language Model (LLM) such as GPT-4 [10]. Specifi-
cally, we prompt GPT-4 with: “Which is the sound produced
by [action]”. Our results show that sound-focused descrip-
tions lead to the greatest performance improvements, and



wash coffee pot

r

Figure 2. Spatio-temporal localization for “wash coffee pot”. Top: Rendered video frames showing hand washing (1), plate washing (2),
and coffee pot washing (3-4), then placing to dry (5-6). Bottom: Similarity heatmaps show the model correctly distinguishes coffee pot
washing from other washing activities, with spatial predictions consistently focused on the sink area.

Put back bread slices in toaster
CLIP

SigLIP

ImageBind EgoVideo LaVila

Top 1

pour coffee in mug

Top 2

spread peanut butter
into toast

Top 3

no annotation

EXFR
ERFR

put back bread slice
in toaster

put back bread
slices in toaster

Figure 3. Comparison of top-3 similarity maps for “put back bread slices in toaster”. Results across CLIP, SigLIP, ImageBind,
EgoVideo, and LaViLa visual encoders. Ground truth annotations are shown below each prediction. Video models (EgoVideo, LaViLa)
correctly retrieve the action (text in green), whereas image-based models either confuse it with the opposite action (“take bread slices out of

toaster” in orange) or mistake it for a different action (text in red).

that LLM-generated descriptions closely approximate the
effectiveness of human-annotated ones.

E.3. Audio Robustness to Background Noise

We evaluate the robustness of our audio-visual fusion ap-
proach under noisy conditions by adding synthetic white
noise to the audio tracks (Table 5). We added white noise
with a Signal-to-Noise Ratio (SNR) of 15-20 dB to evaluate
performance degradation under realistic background noise

conditions. Prior analysis of the original audio revealed
challenging baseline conditions: under-leveled recordings
(— 31.9 dB RMS), substantial ambient noise and poor fre-
quency balance.

Despite these already degraded audio conditions, adding
synthetic noise caused minimal performance degradation,
0% to 1.4% across all encoders. Importantly, audio-visual
fusion continues to outperform visual-only baselines even
with added noise. For instance, CLIP achieves 19.1% with



wash spoon CLIP + Audio

LaVila LaVila + Audio

take peas

Figure 4. Audio improves spatio-temporal action localization: additional results. Left: Query “wash spoon” with CLIP. Without audio
(middle), CLIP localizes spoons in a static scene; with audio (right), the action is correctly identified. Right: Query “take peas” with LaViLa.
Audio helps suppress noise artifacts (middle vs. right), enabling precise spatio-temporal localization.

Table 3. Audio Window Ablation. Impact of window length on
per-frame audio encoding. Spatio-temporal mean accuracies (Acc,
Acc5) for action localization across CLIP, LaViLa, and EgoVideo
models with different audio window sizes (1s, 2.5s, 3.5s). Row
with gray background indicates the configuration used in our final
method.

CLIP LaVilLa EgoVideo
Acc  Acc5 Acc  AccS  Acc  Acch

1 120 225 195 357 13.6 357
25 195 240 195 297 166 387
35 136 285 180 357 13.6 357

Table 4. Text Prompt Ablation. Impact of description type for
audio feature relevance for action localization. Baseline: without
audio. Action Desc.: using action descriptions. GPT Desc.: GPT-4
generated descriptions. Sound Desc.: sound-specific descriptions.
Row with gray background indicates the configuration used in
our final method.

CLIP LaViLa EgoVideo
Acc Acc5 Acc Acc5 Acc Acc5
Baseline 13.5 252 18.0 32.7 13.5 37.2
Action Desc. 6.1 22.6 19.5 27.1 13.6 359
GPT Desc. 12.0 224 16.4 26.8 13.5 36.9

Sound Desc. 19.5 24.0 19.5 29.7 16.6 38.7

noisy audio versus 13.5% with vision only, highlighting
the robustness of our fusion strategy in noisy real-world
conditions.

E.4. Audio Integration Strategy

We compare two strategies for incorporating audio: (1) inde-
pendent processing, where audio and visual features are com-
puted separately and combined at query time, and (2) joint
distillation, where both modalities are distilled into the radi-
ance field during training.

For joint distillation, we extend the NeRF to predict audio

Table 5. Audio Robustness to Background Noise. Impact of
synthetic white noise (SNR 15-20 dB) on spatio-temporal mean
accuracies for action localization. Visual: vision-only baseline,
Audio-visual (orig.): original audio conditions, Audio-visual +
Noise: with added synthetic noise.

CLIP ImageBind LaVilLa
Condition Acc AccS Acc AccS Acc Acch
Visual 13.5 252 151 224 18.0 32.7
Audio-visual (orig.) 19.5 24.0 165 244 195 29.7
Audio-visual + Noise 19.1 24.0 15.1 24.1 19.5 29.7

Table 6. Audio Integration Strategy. Comparison of audio in-
tegration approaches for 4D action localization using LaVilLa on
EK-100. Row with gray background indicates our final method.

Spatio-temporal Temporal
Strategy Acc AccS Acc  AccS
Joint distillation 19.2 34.2 28.3 46.3

Independent (ours)  19.5 29.7 28.3 49.5

embeddings alongside visual features with an additional

loss: £, = MSE (ﬁ7 %) , where E, is the rendered
al2 a

audio embedding from the NeRF and e, (¢) is the target audio
feature extracted from the audio encoder at time ¢. The total
training objective becomes £ = Ly + Ly, + Lo + Ao Lo

Table 6 shows comparable performance between both
approaches. We adopt independent processing for compu-
tational efficiency: joint distillation incurs overhead during
both training and inference by supervising and querying
audio features at every spatial location, despite audio be-
ing temporally-global with no spatial variation. If dense
spatial-audio correspondence maps could be constructed,
joint distillation could become advantageous.



F. Limitations

While AViON4D demonstrates promising results for egocen-
tric open-vocabulary 4D understanding, it still faces limita-
tions.

Object-Centric Masking and Spatial Precision. We ex-
tract object-centric video crops using square bounding boxes
around segmentation masks, which inevitably include sur-
rounding contextual regions. This is particularly evident for
surface-type masks (e.g., countertops, tables), where objects
placed on these surfaces are unintentionally included in the
crop. While temporal localization remains accurate, spatial
precision is reduced in these cases.

Limitations of Foundation and 3D Models. AViON4D
inherits the limitations of pretrained foundation models for
both visual and audio feature extraction and 3D reconstruc-
tion. Semantic understanding quality is bounded by encoder
training data and architectural choices. Reconstruction qual-
ity depends on the 3D representation backbone. Although
NeuralDiff achieves state-of-the-art results in EK-100 ego-
centric scenes [15], like all NeRF-based methods, it can still
produce artifacts in regions with extreme motion. These de-
pendencies are common to all methods leveraging pretrained
foundation models and 3D neural representations.

Per-Scene Optimization Overhead. Our current implemen-
tation, building on NeRF-based 3D representations, requires
training a separate network for each video (approximately
10 hours per scene) and rendering times of 3-10 minutes per
frame on a single NVIDIA A6000 GPU. These computa-
tional costs are inherent to NeRF-based methods and limit
real-world applications.

All these limitations stem primarily from the current state
of foundation models and 3D representations rather than
our core contribution. AViION4D is designed to be modular
and representation-agnostic, enabling direct integration of
alternative 3D representations (e.g., Gaussian Splatting) and
improved encoders as they become available. Notably, these
limitations do not affect the validity of our experimental
findings or diminish the demonstrated benefits of multimodal
4D scene understanding. As these technologies mature, we
expect the practical impact of these limitations to diminish
substantially.

G. Broader and Societal Impacts

Our multi-modal framework enables fine-grained under-
standing of actions in egocentric videos, offering promis-
ing applications in domains such as assistive technologies,
human-robot interaction, and activity monitoring. However,
these capabilities also raise critical societal considerations.

Privacy Risks. By localizing and interpreting user behavior
in 3D space over time, the system may inadvertently expose
sensitive personal information, particularly in private or do-

mestic settings. The inclusion of audio further compounds
these risks by capturing ambient sounds, which may reveal
conversations or background noise not intended for analy-
sis. Such concerns highlight the need for strong safeguards
around data collection, storage, and usage.

Bias Propagation. Our method relies on pre-trained vision
and language models, which are known to encode societal
biases based on the data they were trained on. These bi-
ases may manifest in the interpretation or prioritization of
actions, potentially leading to unfair or inaccurate outcomes.
Without explicit mitigation strategies, such issues could be
perpetuated or amplified in downstream applications.

Responsible Deployment. As egocentric devices and multi-
modal Al systems become more widespread, their deploy-
ment must be guided by principles of transparency, account-
ability, and fairness. This includes ensuring informed con-
sent, enabling opt-out mechanisms, and actively working to
reduce bias and protect user privacy.

H. List of Assets

We provide the implementation sources and model weights
for all methods used in this work:

1. OpenCLIP [7, 12] (https:/ /github . com/
mlfoundations/open_clip). The open-source
implementation of OpenAl’s CLIP model is primarily
licensed under the MIT License.

2. SigLIP [16] (https : / / huggingface . co /
google/siglip—-base—-patchl6—-224). The
code is released under an Apache-2.0 license.

3. ImageBind [4] (https : / / github . com /
facebookresearch / ImageBind). The code
and model weights are released under the CC-BY-NC
4.0 license.

4. LaViLa [17] (https : / / github . com /
facebookresearch/LaViLa). The code and
model weights are released under a MIT License.

5. EgoVideo [l1] (https : / / github . com /
OpenGVLab / EgoVideo. The repository by
OpenGVLab does not explicitly state a license.
The accompanying research paper is published under the
CC-BY-NC 4.0 license.

6. AutoSeg-SAM2 [18] (https://github . com/
zrporz/AutoSeg-SAM2). The code is released un-
der a MIT License.

7. SAM [9] (https / / github com /
facebookresearch / segment - anything).
The source code and model weights are released under
the Apache License 2.0.

8. SAM2 [13] (https / / github . com /
facebookresearch /sam2). The source code
and pre-trained model weights are released under the
Apache License 2.0.



9.

NeuralDiff [14] (https : / / github . com /
dichotomies / epic — fields - rendering).
The official PyTorch implementation is licensed under
the MIT License. The checkpoints are provided alongside
the source code covered under the same MIT License.
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