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Abstract

Inferring physical actions from visual observations is a fun-
damental capability for advancing machine intelligence in
the physical world. Achieving this requires large-scale,
open-vocabulary video action datasets that span broad do-
mains. We introduce ACTION100M, a large-scale dataset
constructed from 1.2M Internet instructional videos (14.6
years of duration), yielding O(100 million) temporally lo-
calized segments with open-vocabulary action supervision
and rich captions. ACTION100M is generated by a fully
automated pipeline that (i) performs hierarchical tempo-
ral segmentation using V-JEPA 2 embeddings, (ii) pro-
duces multi-level frame and segment captions organized
as a TREE-OF-CAPTIONS, and (iii) aggregates evidence
with a reasoning model (GPT-OSS-120B) under a multi-
round SELF-REFINE procedure to output structured anno-
tations (brief/detailed action, actor, brief/detailed caption).
Training VL-JEPA on ACTION100M demonstrates con-
sistent data-scaling improvements and strong zero-shot per-
formance across diverse action recognition benchmarks, es-
tablishing Action100M as a new foundation for scalable re-
search in video understanding and world modeling.

1. Introduction

Making machine intelligence useful in the physical world
requires AI models that not only understand world states
(e.g., objects and their attributes), but also recognize phys-
ical actions that interact with the world and induce state
transitions. Powered by supervision from large datasets [6,
29, 37, 39], world state perception in frontier models has
advanced rapidly [3, 7, 19, 21, 31, 32]. In contrast, the
capability of understanding actions is comparably limited,
largely due to the absence of robust data foundations. Ex-
isting video action datasets are mainly separately developed
for individual narrow domains (e.g., cooking, toy assem-
bly), and remain in limited scale (e.g., less than 1 million
action instances).

Advancement in data foundation will enable the develop-

Figure 1. Scaling on ACTION100M improves zero-shot action
recognition consistently.

ment of open-domain and open-vocabulary video action
recognizers. These models will support embodied learn-
ing, facilitate wearable assistive applications, and advance
physical world modeling [1, 8, 16, 17, 23, 36, 41, 43, 52].
Achieving this necessiates training data that is sufficiently
large scale, maintains high quality, and spans broad diver-
sity.

To address these challenges, we introduce AC-
TION100M, a large-scale video action dataset contain-
ing O(100 million) action instances, annotated via a fully
automated pipeline. The construction process begins
with online instructional videos [33], which capture peo-
ple interacting with the physical world in diverse activ-
ities. Dense action labels are produced using a fam-
ily of frontier open-source models, including V-JEPA
2 [5], PerceptionLM [20], Llama-3.2-Vision, and
GPT-OSS [2]. The TREE-OF-CAPTIONS [15] and SELF-
REFINE mechanisms [17] are leveraged to reduce halluci-
nations and ensure annotation quality. This pipeline yields
a hierarchy of temporal segments annotated with structured
fields, including brief/detailed action descriptions, the actor,
and brief/detailed video captions.

The annotation pipeline was executed on 1.2 million
YouTube videos (14.6 years of duration), spending approx-
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imately 1.3 million V100 GPU hours for segmentation and
captioning, and 0.3 million H100/H200 GPU hours for
LLM aggregation. It derives 147 million segment-level
annotations, totaling 21.3 billion English words.

To demonstrate the utility of ACTION100M, we train
VL-JEPA models [18] on the dataset. VL-JEPA is a
vision-language model that extracts visual embeddings with
V-JEPA 2 [5] encoder and predicts target embedding gen-
erated by a text encoder. The model uses InfoNCE loss
to learn an aligned embedding space that allows CLIP-
style open-vocabulary classification [35]. Evaluation is con-
ducted on eight downstream video action benchmarks, in-
cluding Something-something-v2 [25], EPIC-KITCHENS-
100 [22], EgoExo4D Keysteps [26], Kinetics-400 [27],
COIN [42], and CrossTask [59]. These benchmarks eval-
uate actions spanning diverse domains and different levels
of abstraction, from low-level fine-grained ones like “turn
on light”, “cut tomato”, to high-level procedural ones like
“make Irish coffee”, “assemble computer”, etc.

Fig. 1 demonstrates the effectiveness of scaling for zero-
shot action recognition: VL-JEPA performance improves
consistently as the amount of ACTION100M training data
increases (x-axis shows effective batch size × number of
iterations). Our VL-JEPA (ViT-L at 8 frames per input
in 256px) outperform CLIP [35] , SigLIP2 [45], and Per-
ception Encoder [11] which have seen much more samples
(13B, 40B, and 86B, respectively, while VL-JEPA only 3B)
and use larger backbone and higher input resolution. At the
same time, the caption annotations in ACTION100M allows
VL-JEPA to establish robust vision-language alignment
that allows effective zero-shot text-to-video retrieval. Com-
pared to CLIP, SigLIP2, and Perception Encoder, VL-JEPA
achieves higher average retrieval recall@1 on eight bench-
marks: MSR-VTT [54], ActivityNet [12], DiDeMo [4],
MSVD [14], YouCook2 [58], PVDBench [11], Dream-1K
[48], and VDC-1K [13].

2. Related Works
We organize prior efforts into two main categories: video
action datasets, which focus on annotated action segments,
and video captioning datasets, which provide descriptive
text for video content. We present a comparison of AC-
TION100M with existing action and caption datasets in Ap-
pendix Table ??.

Video Action Datasets. Standard video action datasets,
such as COIN [42], CrossTask [59], and YouCook2 [58],
have played a pivotal role in advancing action detection in
untrimmed videos. These datasets typically segment long
activities into semantically meaningful steps, each paired
with textual descriptions, and are primarily composed of in-
structional videos covering procedural tasks. The collection
methodologies for video datasets vary significantly:
• Participant-recorded datasets (e.g., Breakfast [28], As-

sembly101 [38]) provide dense, hierarchical annota-
tions in controlled environments with high-quality labels
through manual data collection.

• Internet-mined datasets (e.g., CrossTask, COIN) lever-
age external taxonomies to achieve broader coverage of
activities. By mining videos from online sources, these
datasets capture a wider range of human actions.

• Egocentric datasets (e.g., EgoProceL [9], Ego4D Goal-
Step [40]) introduce data-driven, hierarchical taxonomies
and dense step annotations, particularly in domains such
as cooking. These datasets support research on goal infer-
ence and long-term temporal modeling by capturing first-
person perspectives and fine-grained activity sequences.
Despite these advances, existing datasets are often con-

strained by manual annotation bottlenecks, limited domain
coverage, or lack of scale.

While datasets such as COIN [42] and YouCook2 [58]
provide valuable annotated instructional videos, they are
constrained by manual annotation and limited activity cov-
erage. Internet-mined datasets expand diversity but often
lack fine-grained, hierarchical labels. Egocentric datasets
introduce new perspectives but remain domain-specific.
ACTION100M marks a step forward in this landscape.

In contrast, ACTION100M leverages large-scale online
instructional videos [33] to deliver over 100 million ac-
tion instances with multi-level, open-vocabulary annota-
tions. This enables robust research in open-domain ac-
tion recognition and world modeling, as summarized in Ta-
ble ??. By addressing annotation bottlenecks and support-
ing fine-grained temporal reasoning, ACTION100M pro-
vides the way for future advances in video understanding.

Video Caption Datasets. A number of large-
scale video–language datasets have been proposed in re-
cent years. InternVid [51], HD-VILA-100M [55], and
VidChapters-7M [57] collect millions of videos or hun-
dreds of millions of clips with associated textual descrip-
tions. However, the majority of these captions are obtained
from noisy sources such as automatic speech recognition
(ASR) transcripts or video metadata. As a result, the cap-
tions are typically short, generic, and only weakly aligned
with the underlying physical actions, limiting their useful-
ness for learning fine-grained action representations or de-
tailed world models.

To address the limitations of ASR-only captions,
recent instruction-style datasets leverage powerful vi-
sion–language models to produce richer descriptions.
OpenVid-1M [34], UltraVideo [56], and VideoUFO [50]
generate longer, more detailed, and instruction-like captions
that better capture object interactions and step-by-step ac-
tivities. Nonetheless, these datasets are typically built on
a relatively small number of source videos compared to
the largest ASR-based corpora, which constrains their cov-
erage of diverse environments and long-horizon activities.
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Figure 2. ACTION100M Data Pipeline. Our pipeline first applies hierarchical temporal segmentation to decompose the video into
semantically coherent segments at multiple temporal scales. For each segment, we generate video caption and frame captions, capturing
both temporal and spatial information. Next, we prompt LLM to aggregate the captions, extracting final annotations.

Koala-36M [49] further scales LLM-captioned video data,
but is primarily oriented toward video generation rather than
structured action understanding.

For video understanding and perception-centric applica-
tions, PE Video and PLM-Video-Auto [20] combine mil-
lions of videos with LLM-generated captions. While they
improve caption quality over pure ASR pipelines, they gen-
erally assign a single caption per segment and do not ex-
plicitly encode temporal hierarchies within videos. Con-
sequently, they provide limited supervision for modeling
multi-scale structure in activities (e.g., steps, sub-tasks, and
overarching tasks), which is crucial for learning world mod-
els that reason over extended sequences of actions and their
context.

Moreover, many existing video captioning datasets rely
heavily on manual or semi-manual annotation, which is ex-
pensive and restricts scale, or they prioritize scale at the cost
of fine-grained, action-centric detail and temporal struc-
ture. In contrast, ACTION100M is constructed to com-
bine the scale of ASR-driven corpora with the descriptive-
ness of recent LLM-captioned datasets. It introduces a
Tree-of-Captions structure derived from hierarchical tem-
poral segmentation, providing multiple levels of captions
that capture both fine-grained actions and broader contex-
tual narratives. This design preserves temporal hierarchy
in a dense-captioning-like manner, making ACTION100M
particularly suited for training large-scale world models and
action-centric video understanding systems.

3. Action100M Data Pipeline

This section describes an automated, scalable pipeline for
constructing ACTION100M. The pipeline extends and im-
proves the data generation procedure introduced in Vision
Language World Model [17]. Fig. 2 provides an overview
of the pipeline, and Fig. 3 visualizes an example of annota-
tion. The pipeline has three stages:

1. We decompose each video into a hierarchy of tempo-

rally coherent segments, which captures both short, fine-
grained motions and long, procedural steps, enabling ac-
tion supervision at multiple levels of abstraction.

2. For every segment, we generate complementary frame-
and video-level captions and organize them into a TREE-
OF-CAPTIONS. Captioning is a task for which modern
VLMs are extensively trained, and even medium-sized
models can produce reliable results.

3. We prompt an LLM to aggregate information from the
TREE-OF-CAPTIONS and to extract structured annota-
tions. Assembling evidence across multiple caption lev-
els provably reduces hallucinations [15].
Overall, rather than applying heavy VLMs directly to

entire videos, our pipeline first converts videos into hier-
archical, text-based representations (TREE-OF-CAPTIONS,
inspired by Pyramid-of-Captions [15]) and only leverages
strong reasoning models in the final stage, which is purely
text-based. This design allow us to obtain reliable annota-
tions while keeping the overall computation cost manage-
able. In the following, we describe each stage in detail.

Stage 1. Temporal Segmentation. Each video is first
transformed into a temporally dense sequence of visual em-
beddings using the V-JEPA 2 encoder. Frames are uni-
formly sampled at one out of every four raw frames to ap-
proximate the temporal resolution used during V-JEPA 2
pretraining. The video is then divided into overlapping tem-
poral windows, each containing 64 sampled frames, with
an eight-frame stride between consecutive windows. Each
window is independently processed by the V-JEPA 2 ViT-g-
384 encoder, which outputs a sequence of spatial-temporal
visual tokens. We perform spatial average pooling, result-
ing in a per-frame feature of dimensionality equal to the
encoder’s hidden size. Because adjacent windows overlap,
multiple representations are produced for shared frames.
These are accumulated and averaged to form a single, tem-
porally consistent embedding per frame across the entire
video.

To capture actions across multiple temporal scales, we
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Figure 3. Example of hierarchical structure in Action100M annotations (with brief action description labels shown). Source video:
url. Brief caption of the entire video: A woman roasts almonds, blends them into butter, and pours the butter into a jar. Detailed caption:
The video opens with the presenter in a bright kitchen speaking to the camera. She spreads raw almonds on a parchment-lined tray, places
the tray in a pre-heated 350 °F oven, and after roasting lets the nuts cool to room temperature. She then transfers the almonds to a Vitamix
blender, removes the lid, inserts a tamper, and sets the machine on high. While the blender runs she presses the almonds down with the
tamper, first creating a fine flour and then a thick creamy butter within about one minute. She pours the almond butter into a clear storage
jar, scoops it with a large wooden spoon and stirs it to smooth the surface, then concludes the segment with a brief thank-you.

apply hierarchical agglomerative clustering to the sequence
of frame-level representations. A local temporal connectiv-
ity constraint links each frame only to its immediate neigh-
bors, ensuring that merges occur only between contiguous
time spans. Clustering proceeds bottom-up using Ward
linkage, which minimizes the variance within each segment
at every merge step. Starting from individual frames or
short windows, adjacent segments are iteratively merged to
minimize intra-cluster variance. This process produces a
hierarchical tree decomposition of the video, where each
node corresponds to a contiguous, semantically coherent
temporal segment. Lower levels of the hierarchy correspond
to fine-grained atomic motions, while higher levels capture
coarser activities. We retain only nodes whose duration is
larger than 0.5 seconds, ensuring that each segment is se-
mantically meaningful.

Stage 2. Caption Generation. After hierarchical seg-
mentation, we annotate each node in the video tree with
captions, ensuring that both local fine-grained and global
contextual information are captured within the same rep-
resentation. The captioning process operates in two com-
plementary modes: mid-frame captioning for fine-grained
spatial details and video-segment captioning for temporal
dynamics.

For every leaf node (representing the smallest contigu-
ous action segment), we extract a key frame at the mid-
point of its temporal span. These mid-frames are processed
using Llama-3.2-Vision-11B, prompted with “De-
scribe this image in detail.” to generate frame captions.
For higher-level nodes representing longer temporal spans,
we apply Perception-LM-3B. Each segment is sampled
into 32 evenly spaced frames between its start and end times

at 3202 resolution, and the model is prompted with “De-
scribe this video in detail.” to generate segment-level cap-
tions. Both models are configured with a generation limit
of 1024 tokens and can be run on a single NVIDIA V100
32GB GPU.

Stage 3. LLM Aggregation. For each node in the
TREE-OF-CAPTIONS, we generate structured action anno-
tations by prompting GPT-OSS-120B to extract five fields
of information: brief action description, detailed action de-
scription, actor, brief video caption, and detailed video cap-
tion. This extraction is performed through three iterative
rounds of SELF-REFINE to improve consistency and qual-
ity.

The inputs to the LLM include the current node’s cap-
tion, its children’s captions formatted in depth-first order, as
well as global context such as root captions (within a limited
depth) and video metadata (including title, description, and
ASR transcript). Each node in the TREE-OF-CAPTIONS
is processed independently. Nodes with a duration shorter
than four seconds are discarded. For the remaining nodes,
we query GPT-OSS-120B to infer clean, structured tex-
tual representations that unify and denoise information from
multiple caption sources. More details about the process
and the prompt to the GPT-OSS-120B are in the supple-
mentary.

4. Dataset Analysis

Source Videos. Action100M is built on 1,199,096 face-
blurred videos sourced from HowTo100M [33], corre-
sponding to a total video duration of approximately 14.6
years. Since the original HowTo100M dataset was released
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Figure 4. Statistics of Action100M source videos and metadata. Distributions of (left to right) video upload year, view count, video
duration, and transcript length, computed over the subset of videos for which metadata is available.

Figure 5. Word cloud of video titles in Action100M. Frequently occurring words reflect the instructional and procedural nature of the
dataset, with dominant terms related to cooking, DIY activities, and everyday physical tasks.

in June 2019 [33], many videos have became unavailable
since then. We successfully retrieved ASR transcripts for
72% of these videos, covering 10.6 years of video content.
Figure 4 summarizes the statistics of the available meta-
data. Figure 5 visualizes a word cloud derived from video
titles. As HowTo100M focuses on instructional content cu-
rated from 12 WikiHow categories (e.g., Food & Entertain-
ing, Home & Garden, Hobbies & Crafts, while excluding
more abstract categories such as Relationships or Finance),
the most frequent keywords strongly reflect procedural
and hands-on activities. Common terms include “make”,
“recipe”, “DIY”, “easy”, “cake”, and “chocolate”, high-
lighting the dominance of cooking, home improvement, and
everyday skill-oriented videos in the dataset.

Generated Annotations. Figure 6(a) summarizes the
word-count statistics of the four annotation types produced
by our pipeline. The average length increases monotoni-
cally from brief action (3.2 words), to brief caption (19.2
words), to detailed action (27.8 words), and finally to de-
tailed caption (95.3 words). Across the entire dataset, Ac-
tion100M contains 147,092,653 annotated video segments
(including videos without metadata), corresponding to an
estimated total of 0.46B (brief actions) + 2.83B (brief cap-
tions) + 3.96B (detailed actions) + 14.02B (detailed cap-
tions) = 21.27B words.

Due to the hierarchical temporal segmentation proce-
dure, shorter segments are substantially more common than
longer ones. Specifically, 64% of all segments have dura-
tions between 0-3 seconds, followed by 23.8% in the 3-
10 second range, and 10.2% between 10 seconds and 1

minute. Only about 2% of segments are longer than one
minute. For action annotations, 3.23% of segments are la-
beled as ‘‘N/A’’ by GPT-OSS-120B, which typically
correspond to non-action content such as video introduc-
tions, advertisements, or subscription reminders. Storing
all annotations together with metadata and the full Tree-of-
Captions structure requires approximately 205 GB of disk
space.

Figures 6(b) and (c) show the N-gram distributions of
brief action descriptions and brief video captions, respec-
tively. As expected, action descriptions are dominated by
verbs (e.g., add, stir, demonstrate), whereas video captions
contain a higher proportion of adjectives and object-centric
descriptors. The frequency distributions further reveal a
strong imbalance in action concepts, with certain patterns
such as “speak to camera” occurring disproportionately of-
ten. This observation motivates the semantic resampling
strategy introduced in §5.4 to alleviate long-tail imbalance
during training. Figure 7 provides a qualitative view of this
structure through sunburst diagrams for the five most fre-
quent words in brief action descriptions.

5. Experiments
5.1. Training and Evaluation Setup
We train VL-JEPA model [18]. We perform the query-free
pretraining (i.e., BASE) with ACTION100M data. We refer
to [18] for details of model architecture. We train VL-JEPA
in three stages (Tab. 1):
• In Stage 1, we perform image pretraining with single
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Figure 6. Statistics of generated textual annotations in Action100M. (a) Word-count distributions for four annotation types: brief action,
brief caption, detailed action, and detailed caption. Dashed lines indicate the mean length of each annotation type. (b-c) Top unigrams,
bigrams, and trigrams (excluding stop words) in brief action descriptions and brief video captions.

Figure 7. Sunburst visualizations of frequent action compositions. Each sunburst shows the hierarchical co-occurrence structure
centered on one of the five most frequent verbs in brief action descriptions.

frame per input. We use DataComp-1B [24], mixing
original caption and model generated caption from [30],
and YFCC-100M [44] captioned by PaliGemma [10] and
Florence-2 [53].

• In Stage 2, we process video data with eight frames
per input. We continue from stage 1 checkpoint and
use ACTION100M data (mixing all four field, with de-
tailed action and caption downsampled by a half), and
PerceptionLM-3B labelled action description and
video caption for each ACTION100M segment.

• In Stage 3, we increase the number of frames per input to
32, and unfreeze the V-JEPA 2 encoder. This leads to
higher CUDA memory consumption and lower batch size,
and we use gradient accumulation of 4 steps and lower
learning rate (1e-5 instead of 5e-5).

We benchmark resulting models with existing founda-

tion models, including CLIP [35], SigLIP2 [45], and Per-
ception Encoder [11]. We evaluate on two tasks:

• Zero-shot action recognition (top-1 accuracy) on eight
benchmarks: Something-something-v2 (SSv2) [25],
EPIC-KITCHENS-100 (EK-100) [22], EgoExo4D
Keysteps [26], Kinetics-400 [27], COIN [42], and
CrossTask [59]. For COIN and Crosstask, we evaluate
both segment-level step recognition and global task
recognition.

• Zero-shot text-to-video retrieval (recall@1) on eight
benchmarks: MSR-VTT [54], ActivityNet [12], DiDeMo
[4], MSVD [14], YouCook2 [58], PVD-Bench [11],
Dream-1K [48], and VDC-1K [13].
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Table 1. Details of VL-JEPA’s three-stage training procedure. Stage 3 uses a gradient accumulation of 4 steps.

Training Stage Vision encoder #Frames per input Training Data Batch Size #Iterations

Stage 1 Frozen 1 Image-text data (DataComp-1B, YFCC-100M) 24,576 100k
Stage 2 Frozen 8 Action100M 12,288 60k
Stage 3 Unfrozen 32 Action100M 3,072×4 10k

Table 2. Main results. We evaluate zero-shot performance on eight action recognition dataset. and eight video retrieval datasets.
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12.8B 8
30.7 3.8 3.7 2.6 58.3 14.7 63.5 20.8 78.5 35.3 35.9 23.4 30.7 41.9 7.9 36.7 56.8 49.3
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ViT-B (224px) 448M 58B 37.2 5.8 3.3 6.0 65.4 21.5 77.1 26.9 91.8 44.9 46.5 35.4 35.3 49.1 15.2 59.8 68.7 49.2
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Stage 1 2.4B 8 21.5 3.9 1.0 3.2 39.5 12.1 40.6 20.9 50.9 32.6 27.7 20.9 26.6 34.2 3.4 51.6 52.9 43.8
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5.2. Main Results
As shown in Tab. 2, with ACTION100M, VL-JEPA
achieves higher average action recognition performance and
average video retrieval performance. Thanks to strong
V-JEPA 2 encoder and dense fine-grained action annota-
tion in ACTION100M, VL-JEPA is particularly strong on
motion-focused tasks, such as Something-something-v2,
EPIC-KITCHENS-100, EgoExo4D Keysteps, step recogni-
tion on COIN and CrossTask.

Fig. 8 visualize evolution of per-dataset accuracy in each
stages, with x-axis being log-scale number of samples seen
in each stage. We see that scaling yields consistent improve-
ment, especially on motion-focused datasets mentioned ear-
lier. We also see a significant jump from stage 1 to stage 2,
indicating that image-only training alone is insufficient for
action recognition.

5.3. Effectiveness of ACTION100M Pipeline
We compare the effectiveness of different data under a con-
trolled training setting. All models are initialized from the
same stage 1 checkpoint, and further trained for 20k steps
(20.48M samples seen). Fig. 9 visualizes the resulting per-
formance improvement compared to the stage 1 initializa-
tion.

We see that brief action descriptions in ACTION100M
are highly effective in terms of improving zero-shot action
recognition. It outperform the direct PLM-3B pseudo label-
ing baseline, showing the effectiveness of hierachical cap-
tioning and LLM aggregation. Detailed captions in AC-
TION100M also show advantages over PLM-Video-Auto

captions on most benchmarks. At the same time, AC-
TION100M is much larger than it (100M vs 3M). Training
with Ego4D atomic action description significantly improve
egocentric action recognition performance on EK-100 and
EgoExo4D, while not being effective on other domains.

5.4. Effectiveness of Semantic Resampling

A major challenge in large-scale action datasets is the long-
tailed distribution of action frequencies, which can bias
model training. To address this, we explore semantic resam-
pling inspired by DINOv2 [47] to promote a more balanced
sampling of actions.

We begin by embedding all brief action de-
scriptions from the TREE-OF-CAPTIONS using
EmbeddingGemma-300M [46]. To address redun-
dancy, we deduplicate these actions by hashing their
text, ensuring that repeated descriptions are consolidated.
Following deduplication, we apply k-means clustering
to the resulting embeddings, with cluster counts of
k = {103, 104, 105}. This clustering groups semantically
similar actions together, allowing us to control the granu-
larity of the action space. From each cluster, actions are
sampled uniformly with replacement until the target dataset
size is reached, which ensures that both frequent and rare
actions are adequately represented in the training data.

To empirically validate the effectiveness of this pipeline,
we curated a 10M-action dataset using semantic resampling
across all tested values of k. All models were initialized
from the same stage 1 checkpoint and subsequently trained
for 10k steps, corresponding to 10.24M samples seen. We
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Figure 8. Zero-shot action recognition accuracy in each training stage. Stage 1: image pretraining with single frame input; Stage 2:
main Action100M pretraining with 8 frames input; Stage 2: 32 frames input with unfrozen encoder. The x-axis of each stage represents
number of training samples seen (i.e., number of iterations) in log-scale. The performance at the end of each stage is annotated.

Figure 9. Performance improvements of stage 2 video pretraining with different data upon stage 1.

Figure 10. Effectiveness of semantic resampling.

report the average across the 8 benchmark zero-shot action
classification datasets. As shown in Fig. 10, resampling
with a smaller number of clusters leads to improved per-
formance compared to training without resampling, high-
lighting the benefits of down-sampling frequent actions and
up-sampling rare ones.

6. Conclusion

We introduced ACTION100M, a large-scale, open-domain
dataset for action-centric video understanding built from
1.2M procedural videos and annotated into 147M tem-
porally localized segments. Empirically, pretraining
VL-JEPA on ACTION100M yields consistent scaling be-
havior and strong zero-shot transfer across a diverse set of
action recognition and text-to-video retrieval benchmarks,
with notable strengths on motion-focused and step-centric
datasets. Controlled ablations further show the value of
LLM-aggregated brief actions and hierarchical evidence
over direct pseudo-labeling, and semantic resampling
improves sample efficiency by mitigating long-tail re-
dundancy. Overall, ACTION100M provides a practical
route to scale open-vocabulary action understanding, and
it enables future work on action anticipation, action-
conditioned world models, and long-horizon planning that
requires reasoning over multi-scale procedural structure.
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