This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Open-World Skill Discovery from Unsegmented Demonstration Videos

Jingwen Deng!* Zihao Wang!*

Shaofei Cai'

Anji Liu? Yitao Liang!"

'Peking University University of California, Los Angeles

{dengjingwen,zhwang,caishaofei}@stu.pku.edu.cn, liuanji@cs.ucla.edu, yitaol@pku.edu.cn

Abstract

Learning skills in open-world environments is essential for
developing agents capable of handling a variety of tasks
by combining basic skills. Online demonstration videos
are typically long but unsegmented, making them difficult
to segment and label with skill identifiers. Unlike exist-
ing methods that rely on random splitting or human label-
ing, we have developed a self-supervised learning-based ap-
proach to segment these long videos into a series of semantic-
aware and skill-consistent segments. Drawing inspiration
from human cognitive event segmentation theory, we intro-
duce Skill Boundary Detection (SBD), an annotation-free
temporal video segmentation algorithm. SBD detects skill
boundaries in a video by leveraging prediction errors from
a pretrained unconditional action-prediction model. This
approach is based on the assumption that a significant in-
crease in prediction error indicates a shift in the skill being
executed. We evaluated our method in Minecraft, a rich
open-world simulator with extensive gameplay videos avail-
able online. The SBD-generated segments yielded relative
performance improvements of 63.7% and 52.1% for con-
ditioned policies on short-term atomic tasks, and 11.3%
and 20.8% for their corresponding hierarchical agents on
long-horizon tasks, compared to unsegmented baselines.
Our method can leverage the diverse YouTube videos to
train instruction-following agents. The project page is at
https://craftjarvis.github.io/SkillDiscovery/.

1. Introduction

Most existing LLM-based instruction-following agents adopt
a two-tier architecture of a planner and a controller. The plan-
ner decomposes high-level instructions into atomic skills,
which the controller then maps to actions based on current ob-
servations for interaction with the environment [8, 28, 39, 41—
43]. Training such agents typically involves segmenting long
trajectories into atomic skill sequences, followed by separate
training of the planner and controller.
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Table 1. Comparisons between existing segmentation methods
and our method SBD. Existing methods usually rely on human-
designed rules, while our method is learning-based. Random
splitting can result in a single skill spanning different segments or
multiple skills located within one segment. Reward-driven meth-
ods require additional reward information, which is challenging
for human annotators to label. Top-down methods often result
in limited skill diversity and high computation costs. Bottom-up
methods struggle in visually partially observable environments. [_|
are visual observations and () are actions.

Learning skills from long-sequence videos is critical for
building such hierarchical agents. However, real-world video
data are often long-horizon, unsegmented, and with no fine-
grained skill labels. In addition, the concept of a “skill” is
ill-defined and varies widely across domains such as video
gaming [6, 20, 39, 49], robotic control [56], and autonomous
driving [40]. This ambiguity, along with the immense diver-
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sity of skills in open worlds, makes skill learning particularly
challenging, especially in partially observable settings. To
enable open-world skill learning from unsegmented demon-
stration videos, the first challenge is to segment them into
semantically meaningful, self-contained skills.

We list the existing segmentation methods in Tab. 1. The
naive random splitting methods [6, 29] divide videos into
segments of predefined lengths (e.g., fixed length, uniform
distribution). However, they do not ensure that each segment
contains a distinct skill. Additionally, predefined lengths
may not match the actual distribution of skill length in real
world (see Sec. 4.4). Reward-driven methods [37] discover
skills through the environment’s reward signal. They can-
not capture skills with no associated rewards and may split
one skill into multiple segments when rewards are repeat-
edly gained during execution. Top-down methods [4, 35]
rely on predefined skill sets from human experts. They use
manual labeling or supervised learning to segment videos.
Although this method can produce reasonable results, it is ex-
pensive and limited by the narrow range of predefined skills.
Bottom-up methods [31, 55] use algorithms such as agglom-
erative clustering or byte-pair encoding [16] to split action se-
quences. However, they struggle in visually partially observ-
able settings where both observations and actions must be
considered. All the methods above rely on human-designed
rules to segment the videos, which highlights the need for
a learning-based method that can adaptively segment skills
from unsegmented videos in open world.

Inspired by event segmentation theory (EST) [47], which
proposes that humans naturally split continuous experiences
into discrete events when prediction errors in perceptual
expectations rise, we introduce Skill Boundary Detection
(SBD)—a method for automatically identifying potential
skill boundaries in long trajectories. SBD employs a predic-
tive model trained on a dataset of unsegmented videos to
predict future actions based on past observations, effectively
capturing temporal dependencies [3]. We then use this pre-
trained model to make predictions on unsegmented videos
and compare them to the ground-truth actions. A significant
increase in prediction error indicates a shift in the skill being
executed (Theorem 3.4), enabling us to detect boundaries
between different skills. SBD relies on self-supervised learn-
ing, removing the need for additional human labeling. This
allows SBD to utilize a wide range of YouTube videos to
train instruction-following agents.

We evaluate SBD in Minecraft [15, 19, 30], a rich
open world simulator. First, we apply SBD to create a
segmented Minecraft video dataset. We then re-train a
video-conditioned policy [6] and a language-conditioned
policy [29] on this dataset. We evaluate them on a diverse
Minecraft skills benchmark [30]. The improved versions
of these policies result in relative performance increases of
63.7% and 52.1% compared to the original ones, respectively.

We also test their corresponding hierarchical agents that use
behavioral cloning and in-context learning, achieving rel-
ative performance increases of 11.3% and 20.8%, respec-
tively. These findings show the effectiveness of our proposed
method for skill discovery from unsegmented demonstra-
tions and its potential to advance open-world skill learning.

2. Problem Formulation

Skills in Behavioral Cloning. Behavioral cloning learns
a policy 7 : O — A from expert demonstrations, map-
ping observations to actions based on pairs (0;, ;) ;. In
partially observable settings, the policy typically takes the
observation history o1.; as input. To enable goal-directed
behavior, recent works [13, 23, 44] learn goal-conditioned
policies 7(01.¢, g), where g denotes a target goal. Such goal-
conditioned policies are referred to as skills, as they encode
reusable behaviors for achieving specific goals.

Hierarchical Agent Architecture. Directly learning pol-
icy m(01.¢, g) is challenging in complex open-world envi-
ronments like Minecraft. Goals such as build a house
ormine diamond blocks involve numerous intermediate
steps, making it computationally and conceptually difficult
to model an agent’s behavior without breaking the goal into
manageable parts. To tackle this, hierarchical agent archi-
tectures are often used [7, 12, 21, 39]. These architectures
consist of a high-level planner and a low-level controller.
The planner decomposes the overall goal into a series of
sub-goals and decides which one the controller should ad-
dress. The controller then focuses on achieving the current
sub-goal by employing a specific skill. Specifically, for a
certain t, the policy can be represented as:

W(a‘olztag) :7T1(gt|01:t»9)72(a|01:t7gt) (D

where 7, is the planner’s policy and 79 is the controller’s
policy. The planner periodically (not at every step) checks
whether the current sub-goal has been finished and decides
whether to change it, so g; does not change frequently.

Identifying Implicit Skills in Trajectories. A critical chal-
lenge in training hierarchical agents, as described above, is
the identification of skills within the trajectory data. To be
more specific, given 7 = (0;, a;)L_;, we want to split it into
1= (01,0;)!L,, 72 = (Oivai)?’:tla Tk = (05 a5) 1y,
where each sub-trajectories 7; shows an independent skill
7(g;). Since some controllers use self-supervised methods
to learn sub-goals [6, 29], we don’t have to identify g;, but
must identify ¢; (i.e., the moments at which the agent adopts
a different skill). For clarity, in the subsequent sections,
we denote the skill adopted at a certain time step ¢ as m,
corresponding to w(gy).
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Figure 1. Pipeline of our method SBD for discovering skills from unsegmented demonstration videos. Stage I: An unconditional
Transformer-XL based policy model [3, 11] is pretrained on an unsegmented dataset to predict future actions (labeled by an inverse dynamics
model) based on past observations using behavioral cloning. Stage II: The pretrained unconditional policy will produce a high predicted
action loss when encountering uncertain observations (e.g., deciding whether to kill a new sheep) in open worlds. These timesteps should be
marked as skill boundaries, indicating the need for additional instructions to control behaviors. We segment the long unsegmented videos
into a series of short atomic skill demonstrations. Stage III: We train a conditional Transformer-XL based policy model on the segmented
dataset to master a variety of atomic skills. Stage I'V: Finally, we use hierarchical methods (a combination of vision-language models and
the conditional policy) to model the long demonstration videos and follow long-horizon instructions.

3. Method

We first introduce our overall pipeline to build policies
and long-horizon hierarchical agents based on unsegmented
videos in Section 3.1. Then we introduce how we split the
unsegmented videos into skill sequences in Section 3.2. We
finally introduce the implementation details in Section 3.3.

3.1. Pipeline

. . . T
Given a long sequence of trajectories D = (0;,a;);_,, We
first train an unconditional policy Tynconditional USiNg behav-

ioral cloning to predict the actions purely based on past

observations as follows:

Hbin Z *logWunconditional(at|01:t)- )

When training on action label-free videos, the action labels
are generated from an Inverse Dynamics Model [3] . We then
evaluate this unconditional policy myncondtional ON the entire
dataset D of long sequences. Our proposed method SBD
segments the complete video into a series of short segments
Dyeq = (04,a;)_,, based on the evaluation results, where
m and n is the selected segmentation timestamps. D is
then used for skill learning to obtain conditional policies [6,

29] that take additional videos or text as instructions. Finally,
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Algorithm 1 Skill Boundary Detection

1: Input: (0;,a;,e;)_;, a model M to predict a; given
01:¢. e; is the boolean external information indicating
whether this step should be a boundary.

2: Initialize: begin < 1, loss_history <« [],
boundaries « |]

3: fort < 1to T do

4: loss <= M(at | Ovegin:t)

5. loss_history.append(loss)

6:  if loss — mean(loss_history) > GAP or e; is true
then

7: boundaries.append (t)

8: begin ¢

9: loss_history <« []

10:  endif

11: end for

12: Return: boundaries

we integrate these skills with vision language models to build
hierarchical agents, enabling them to complete long-horizon
tasks [42, 43]. See the overall pipeline in Fig. 1.

3.2. Skill Boundary Detection (SBD)

SBD takes a long unsegmented trajectory and the uncon-
ditional action-prediction model as input. A sliding window
is used to simulate the model’s memory of past observations.
At each time step ¢, we use the model to predict the next
action and compare it with the ground truth to compute the
loss. A skill change is considered likely if the loss exceeds
the average loss by a hyperparameter, GAP, or if an external
indicator is true. In such cases, ¢ is marked as a bound-
ary. The model’s memory is then cleared, and the algorithm
proceeds to analyze the next sub-trajectory.

We then explain the two core components of the algo-
rithm: loss and external information.

3.2.1. Boundary with Entropy Loss

In this section, we explain the core idea of our method: why
loss can indicate skill boundaries. Intuitively, without goal
information, similar observations in an open world can inher-
ently lead to different actions—even with perfect modeling.
For example, upon seeing a sheep, both ignore and attack
may be plausible depending on the (unknown) goal. Skill
transitions are moments where such ambiguity is highest.
Since continuing a skill is more likely than changing it, the
policy learns to favor the former, making skill transitions
statistically surprising. According to Bayes’ rule, when the
loss of the policy increases largely, it is likely that a skill
transition has occurred.

To support this, we introduce three key assumptions about
skills: skill consistency, skill confidence, and action deviance
at skill transition.

The first assumption is that the skill being used does not
change frequently (less than 1/K). The idea is that the
agent should consistently stick to a skill unless there is a
strong reason to change to another, which would result in an
increase in predictive loss.

Assumption 3.1 (Skill Consistency). There exists an ade-
quately large K, Vt,

P(mq1 # milorey1) < 1/K (3)

The second assumption states that, at any given time, the
agent is confident in the action it takes. In other words, the
probability of the agent choosing an action with confidence
c is greater than 1 — §. This assumption ensures that the
policy reliably makes decisions based on its learned skills,
rather than being uncertain in its actions. This helps the
unconditional model make accurate predictions when the
agent does not change its skill.

Assumption 3.2 (Skill Confidence). There exists ¢ and an
adequately small 9, V¢,

P(mi(at|or:e) >¢) >1—46 4)

The third assumption posits that when an agent changes
its skill, it is likely to perform an action that is significantly
less probable under the previous skill. This "surprising" ac-
tion generates a clear signal, enabling us to detect the skill
transition. Although the agent might change policies with-
out performing a surprising action, such instances suggest
that the agent is in a transitional, ambiguous phase between
two policies, which is inherently challenging to identify. In
essence, we aim to recognize the first clear skill boundary.

Assumption 3.3 (Action Deviance at Skill Transition).
There exists m, Vt, when my = my = ... = T # Ty1,

—

7tTt(Gt+1|01:t+1) <m (5)
(ITizy m(ailow)!/t 2
By the law of total probability, we have

P(at+1‘01:t+1) = P(7Tt+1 = 7Tt|01:t+1)77t(at+1|01:t+1)

+ Z P(mip1 = m|or41)T(Ge41]|01:441)
THTY
(6)

Intuitively, if the agent changes its skill, the predictive
probability will be low. This is because, in Eq. (6), in the
first term the probability of a,,; under the original skill
m¢(at41|01:441) is low, and in the second term the probabil-
ity of skill transition is low. On the contrary, if the agent does
not change its skill, both terms will be high, so the predictive
probability will be high. Therefore, we have the following
theorem regarding the bounds of relative predictive probabil-
ity under scenarios of skill transition and non-transition.
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Theorem 3.4 (bounds of relative predictive probability). If
Ty = Ty = ... = My = Tyy1, then we have

P(at+1]01:041) (K —1)c
(ITi=y Plaslor:)V/* K

If T = Mg = ... = Ty # W41, then we have

P )>1-6 (7)

P(at41]01:641) Km 1

P((ngl Plasjor) 7t ~ 20K —1) o

K—l)) )

>1—t
Proof. See Appendix B for the detailed proof. O

If c > m and (K — 4)c? > 2, then the lower bound
of relative predictive probability under skill transition in
Theorem 3.4 is greater than the upper bound of it under
skill non-transition. Therefore, the theorem demonstrates
that the model predicts actions less accurately when the
agent changes its skill. Our action-prediction model uses
the negative log-likelihood of actions —log P(at|o1.¢) as
loss. Consequently, at line 6 of Algorithm 1, when the loss
exceeds the average loss by a predefined threshold, it is likely
that a skill transition has occurred.

3.2.2. Boundary with External Information

In Sec. 3.2.1, we demonstrate that SBD can identify the first
distinguishable skill boundary using only observations and
actions. However, some datasets include additional exter-
nal information such as privileged in-game data or VLM
annotations [9, 17]. Incorporating these auxiliary signals
improves the detection of skill boundaries that are otherwise
difficult to recognize through loss-based detection alone. For
example, in Minecraft, crafting an item does not involve
abrupt changes in mouse movement, making it hard to detect
boundaries purely with predictive action loss. In such cases,
in-game logs of successful crafting events provide valuable
hints. It is important to note that this is an optional compo-
nent of SBD; as we will discuss in Sec. 4.3, it also performs
well on datasets without external auxiliary information.

3.3. Implemetation Details

We take the Minecraft environment [ 19, 52] as the evaluation
simulator. Tt offers a highly complex (> 101°*° states), di-
verse, and dynamic environment ideal for testing open-ended
agents requiring OOD generalization [30]. See Appendix C
for more information on this environment.

We now introduce the architectures and training/inference
details of the policies and agents used in Sec. 3.1.
Unconditional Policy and Segmentation Details. For
the unconditional policy Tunconditional 1N Stage I, we use
the pre-trained vpt-3x models [3]. This is a foundational
Transformer-XL [11] based model pretrained on large-scale
YouTube data and finetuned on the early-game dataset us-
ing behavioral cloning. The hyperparameter GAP in Stage

IT is set to 18, considering the average trajectory length
and semantics. As for the external information, we use
event-based information such as mine_block:oak_log or
use_item:torch available in the contractor dataset [3]. To
identify potential skill transitions, only the final event in a
series of identical consecutive events is marked as positive,
as it signifies a possible skill transition. For instance, if the
agent chops a tree repeatedly and then crafts a table, the
video should be split at the moment the agent mines the last
block of wood. Further details are provided in Appendix D.3.

Policies for Atomic Skills. We employ both video-
conditioned and language-conditioned policies to learn
atomic skills from the segmented demonstration videos, as
shown in Stage III. The video-conditioned policy is built
upon GROOT [6], which utilizes self-supervised learning to
model instructions and behaviors. In the original GROOT,
a fixed-length sequence of 128 frames serves as the instruc-
tion, which is encoded into a goal embedding using a con-
ditioned variational autoencoder (C-VAE) [24, 36]. The
decoder then predicts actions based on the instruction and
environmental observations in an auto-regressive manner.
The language-conditioned policy is derived from STEVE-
1 [29], an instruction-tuned VPT model capable of following
open-ended texts or 16-frame visual instructions. This model
is trained by first adapting the pretrained VPT model to fol-
low commands in MineCLIP’s [15] latent space, and then
training a C-VAE model to predict latent codes from the text.

The original GROOT and STEVE-1 policies divide the
training trajectories into segments of 128 frames and uni-
formly sample between 15 and 200 frames, respectively. We
re-train these models using our SBD method on the seg-
mented trajectories and compare the results to the original
models to demonstrate the effectiveness of our approach. We
retain the minimum and maximum length settings. The al-
gorithm for pruning the length of each trajectory is detailed
in D.4. Most of the original hyperparameter settings are
retained as specified in the original papers. A complete list
of modified hyperparameters is provided in Appendix D.2.

Long-term Instruction Following Agents. We use hi-
erarchical agents to model long trajectories, which are
widely used by [12, 41, 43]. We utilize in-context learn-
ing, as demonstrated by JARVIS-1 [42], and behavioral
cloning, as shown by OmniJARVIS [43], to evaluate the
long-horizon instruction-following capabilities of hierar-
chical agents. JARVIS-1 is a hierarchical agent that uses
the text-conditioned STEVE-1 as its policy and pretrained
vision-language models as planners. We replace the text-
conditioned policy with our re-trained STEVE-1 based on
SBD. OmniJARVIS is a vision-language action agent built
on FSQ-GROOT, which encodes instructions into discrete
tokens rather than continuous embeddings. It is trained on
behavior trajectories encoded into unified token sequences.
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® w o~ | € 7 @ 4 @ # @ =
Task use hunt sleep use use use collect collect collect  findand  collect collect Average
furnace sheep inbed  torch boat bow stone seagrass wood collect wood  dirt grass
VPT original 11.0% 29.0% 0.0%  22.0% 7.0% 23.0% 77.0% 14.0% 73.0% 33.0% 30.0% 38.0% -
GROOT  original 21.0% 26.0% 100.0% 97.0% 71.0%  30.0%  21.7 34.0% 76.0% 19.0% 14.5 9.5 -
(video ours 30.0% 54.0% 100.0% 88.0% 93.0% 80.0% 268 51.0% 90.0% 44.0% 19.7 254 -
conditioned) A 4429% +107.7% 0 93%  +30.1% +166.7% +233% +50.0% +184% +131.6% +36.1% +166.3% +63.7%
STEVE-1 original 0.0% 1.0% 333% 333% 188% 656% 969% 18.8% 80.2% 57.3% 448%  46.9% -
(image & text  ours 0.0% 31%  40.6% 77.1%  427%  71.9% 96.9% 479% 84.4% 67.7% 438% 71.9% -
conditioned A 0 — +21.9% +131.3% +127.8% +9.5% 0 +155.6% +5.2% +18.2% 23%  +533% +52.1%

Table 2. Success rate of different policies on Minecraft skill benchmark. For VPT [3], we report the results of the behavioral cloning
version. For GROOT [6] and STEVE-1 [29], we report the results of the original and our re-trained models with SBD, respectively. A value
with % indicates the average success rate, while a value without % indicates the average rewards. See more details in Appendix D.1.

Method Wood Food Stone Iron Average Method Wood Oak Birch Stone Iron Diamond Armor Food Average
original  95% 44% 82%  32% - original 92% 89% 90% 90% 33% 8% 12% 39% -
ours 96% 55% 90%  35% - ours 97% 95% 94% 91% 35% 10% 19% 62% -
A +1.1% +25.0% +9.8% +9.4% +11.3% A +5.4% +6.7% +4.4% +1.1% +6.1% +25.0% +58.3% +59.0% +20.8%

(a) OmniJARVIS (behavioral cloning)

(b) JARVIS-1 (in-context learning)

Table 3. Success rate of two agents on long programmatic tasks. The goal-conditioned policies of the agents are trained on the dataset
segmented by SBD and the original random splitting method. In each group, the agent is required to obtain a certain type of item from
scratch or be given an iron pickaxe. For example, the diamond group includes diamond pickaxe, diamond sword, jukebox, efc.

4. Experiments and Analysis

In our experiments, we answer the following questions:

e Are the short segments obtained through SBD more con-
sistent semantically, and can a better goal-conditioned policy
be trained on these segments?

e Do improvements in goal-conditioned policies enhance the
ability of hierarchical agents?

e Which component of SBD is more important?

4.1. Experimental Setups

Training Dataset. We use OpenAl’s contractor dataset 7.x
(early game) [3] as our training dataset. It contains Minecraft
offline trajectories with 68M frames with a duration of ap-
proximately 1000 hours, with at least half of the data from
the first 30 minutes of the game. Our method generates a
segmented dataset of 130k sub-trajectories using bc-early-
game-3x [3] as the pretrained unconditional model.
Evaluation Benchmarks. For the goal-conditioned poli-
cies, we select basic skills such as collect wood and ad-
vanced skills like use furnace in Minecraft as the evalua-
tion benchmark. We test 12 different atomic skills designed
based on MCU [30]. All tasks are tested over 100 times, ex-
cept for sleep in bed and use bow, which are evaluated
10 times using human rating because they cannot be auto-
matically verified with in-game information. The evaluation
metrics are success rates or rewards (for finer-grained assess-
ment of easier tasks). See more details in Appendix D.1.
The hierarchical agents are evaluated on long-horizon

programmatic tasks that require the agents to start from an
empty inventory in a new world until obtaining the final
required items, such as obtain an iron pickaxe from
scratch, which is usually a chain of atomic tasks. We
split the long-horizon tasks into different groups, including
wooden items, food, stone items, iron efc. For each group,
we choose the tasks from JARVIS-1 benchmarks [42] and
evaluate each task over 30 times.

4.2. Main Results

In this section, we first present a human analysis of the
quality of the SBD-segmented videos. Then we present the
results of SBD applied to the two policies and two agents in
Sec. 3.3 on the benchmarks in Sec. 4.1.

Human Analysis of Segmented Videos. We ask 10 peo-
ple to analyze the SBD-segmented videos, each with 50
randomly sampled clips: On average, 54% exhibit clear in-
dependent semantics aligned with human preference, 34%
are considered acceptable, and only 12% could be better seg-
mented. This further supports our method’s effectiveness.
Short-horizon Atomic Tasks. As shown in Tab. 2, the
policies showed substantial improvements across most tasks,
with an average relative performance enhancement of 63.7%
for GROOT and 52.1% for STEVE-1.

Long-horizon Programmatic Tasks. As shown in Tab. 3,
the agents have substantial improvements across most of the
tasks, achieving an average relative performance enhance-
ment of 11.3% for Omnijarvis and 20.8% for JARVIS-1.
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® ¢ - | ¥ 77 8 &4 0 ¥ @
Task use hunt sleep use use use collect  collect  collect find and collect collect Average
furnace  sheep  inbed torch boat bow stone  seagrass wood  collect wood dirt grass
- 21.0% 26.0% 100.0% 97.0% 71.0% 30.0%  21.7 34.0%  76.0% 19.0% 14.5 9.5 63.3
good dist. 38.0% 65.0% 90.0% 89.0% 80.0% 10.0%  24.8 43.0%  96.0% 41.0% 15.5 19.0 79.9
Info 33.0% 52.0% 100.0% 88.0% 97.0% 32.0%  23.7 65.0%  92.0% 47.0% 15.5 21.6 85.8
Loss (GAP=17.5) 44.0% 49.0% 100.0% 89.0% 91.0% 32.0% 273 65.0%  96.0% 38.0% 17.8 2277 88.4
Loss (GAP=18) 44.0% 54.0% 100.0% 94.0% 72.0% 46.0%  25.8 63.0%  95.0% 48.0% 17.9 227 90.2
Loss (GAP=18.5) 41.0% 51.0% 100.0% 91.0% 73.0% 44.0%  26.8 57.0%  91.0% 45.0% 18.1 25.3 88.5
Both (GAP=18)  30.0% 54.0% 100.0% 88.0% 93.0% 80.0%  26.8 51.0%  90.0% 44.0% 19.7 25.4 91.7

Table 4. Ablation studies. We report the evaluation results of GROOT trained on datasets segmented by random splitting with fixed length
(-), random splitting following the length distribution of SBD (good dist.), and SBD with different components and GAP values. A value
with % indicates the average success rate, while a value without % indicates the average rewards. To enable a fair comparison between
success rate and rewards, the average score is computed by scaling the best score to 100 and all other scores proportionally for each task.

4.3. Ablation Studies

SBD Components. As introduced in Secs. 3.2.1 and 3.2.2,
the environment information and the skill boundary detection
loss are important components for accurate segmentation of
long videos. In this section, we explore the effectiveness of
each component. We compare the full SBD with random
splitting (w/o loss and info), SBD w/ info only, and SBD
w/ loss only. The results are presented in Tab. 4. Our find-
ings are as follows: (i) Using external information alone
significantly improves performance, with a relative aver-
age increase of 35.5% over the original agent. (ii) Using
loss alone results in a better performance (a relative average
increase of 5.1%) compared to using external information
alone, highlighting the effectiveness of the core component
of our method. This demonstrates that our method achieves
strong performance even without external information. (iii)
Combining loss and external information yields the best
overall performance. This suggests that each component
captures unique segmentation patterns that the other misses.

We observe performance declines when employing
both components in tasks use furnace and collect
seagrass. This may be due to both components splitting
the trajectory at the same intervals but not identical steps,
leading to redundant trajectory fragments.
Hyperparameter sensitivity. GAP is an important hyper-
parameter of SBD. To verify the stability of our method, we
also conduct an ablation study on different values of GAP.
As shown in Tab. 4, our method is not sensitive to it (only
2.0% relative average performance decline).

Improved Baseline. A simple idea to improve random
splitting is to follow a similar length distribution as SBD.
We add this improved baseline to show that our method also
catches features other than length distribution. As shown
in Tab. 4, while a better length distribution can improve
baseline performance (by 26.2% relatively), our method still
outperforms it (by 14.8% relatively).

4.4. Visualizations

Length Distribution. Fig. 2 shows the length distribution
of sub-trajectories split by different methods with or without
the two components of SBD. We observe that both loss-only
and info-only methods follow similar distributions, where
the log length and frequency of sub-trajectories exhibit a nor-
mal distribution. Since the info-only method is intrinsically
semantically meaningful, this provides indirect evidence that
the loss-only method also identifies a semantically meaning-
ful segmentation pattern as the info-only method. Further-
more, when combining loss with external information, the
distribution does not significantly differ from the loss-only
method. This observation highlights that the predictive loss
is the key driver in learning the segmentation pattern, with
the external information serving a more supplementary role.
Skill Videos. We sample one long unsegmented video seg-
mented by our method for each skill in the datasets, such as
sleep in bedand collect seagrass (see Fig. 3). More
segments can be seen in Appendix E.

5. Related Works

Learning from Unsegmented Demonstrations. Prior
work on learning from unsegmented demonstrations has
proposed various methods to segment trajectories into sub-
trajectories. For instance, some methods [25, 34, 38] utilize
a variational autoencoder [24] model to generate pairs of
skill types and boundaries, (g;,t;)%_,, from a given trajec-
tory. TACO [35] adopts a weakly supervised framework
that identifies skill boundaries, (¢1,...tx), based on skill
sketches, (g1, - . . gk ), by solving a sequence alignment prob-
lem. BUDS [55] constructs hierarchical task structures of
demonstration sequences using a bottom-up strategy, de-
riving temporal segments through agglomerative clustering
of the actions. FAST [31] proposes an approach based on
the byte-pair encoding [16] algorithm for segmentation and
tokenization of robot action trajectories.
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Figure 2. The length distribution of segments, split by info and loss. The info-only method is intrinsically semantically meaningful,
suggesting that the loss-only method also identifies a semantically meaningful segmentation pattern. Furthermore, the similarity between the
combined method and the loss-only method indicates that predictive loss is the primary factor in learning the segmentation pattern.

Figure 3. Video Segment Examples. Top: sleep in bed. Bottom: collect grass. Each segment is accompanied by five screenshots.
The first and last screenshots represent the initial and final frames of the segment, respectively. The remaining three screenshots are manually
selected to best illustrate the skill’s progression. More segments can be found in Appendix E.

Option Learning. Option learning [37] is a framework to
learn temporal abstractions (i.e., options or skills) directly
from the environment’s reward signal, primarily through on-
line reinforcement learning. Recent approaches [1, 2, 26]
rely on policy gradient methods to learn the option policies.
DIAYN [14] proposes a method to generate a reward func-
tion adaptively in the absence of reward signals, resulting in
the unsupervised emergence of diverse skills.

Event Segmentation Theory. In neuroscience, episodic
memory is the memory of everyday events consisting of
short slices of experience [10]. Event Segmentation Theory
(EST) [47] offers a theoretical perspective on how the neu-
rocognitive system splits a long flow of memory into short
events. According to EST, observers build event models of
the current situation to generate predictions of future per-
ceptual input. When errors in predictions arise, an event
boundary is perceived, and the event model is reset and re-
built. Our method employs a pretrained model to predict
the agent’s action based on past observations and uses the
predictive loss as an indicator to detect skill boundaries.

Agents in Minecraft. Many agents have been developed
to interact with Minecraft environments [22, 50]. For short-
horizon tasks, methods typically employ behavioral cloning

or reinforcement learning, as seen in works like VPT [3],
which annotates a large Minecraft YouTube video dataset
with actions and trains the first foundational agent in the do-
main, and its derivatives [5, 6, 27, 29, 46]. For long-horizon,
programmatic tasks, large language models (LLMs) are used
as planners combined with skill policies [28, 32, 33, 41, 42,
45, 53], and some methods [39, 42, 54] employ explicit mem-
ory mechanisms to enhance the long-horizon capabilities of
LLM agents. Additionally, recent advances [43, 51] have
explored using end-to-end vision-language models (VLMs)
to directly follow human instructions. Finally, some re-
search [18, 48] focuses on open-ended creative tasks such as
building and decoration.

6. Conclusion

In this paper, we propose a novel temporal video segmenta-
tion algorithm to address the challenges of open-world skill
discovery from unsegmented demonstration videos. To gen-
erate a segmented dataset of video clips with independent
skills, our algorithm detects the potential skill boundaries
based on the predictive loss of a pretrained action-prediction
model. It does not require any manual annotations and can
be employed directly on massive internet gameplay videos.
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