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ABSTRACT

Latent Action Models (LAMs) enable learning from actionless data for applica-
tions ranging from robotic control to interactive world models. However, existing
LAMs typically focus on short-horizon frame transitions and capture low-level
motion while overlooking longer-term temporal structure. In contrast, action-
less videos often contain temporally extended and high-level skills. We present
HiLAM, a hierarchical latent action model that discovers latent skills by model-
ing long-term temporal information. To capture these dependencies across long
horizons, we utilize a pretrained LAM as a low-level extractor. This architecture
aggregates latent action sequences, which contain the underlying dynamic pat-
terns of the video, into high-level latent skills. Our experiments demonstrate that
HiLAM improves over the baseline and exhibits robust dynamic skill discovery.

1 INTRODUCTION

Recent progress in robot learning has increasingly relied on incorporating large-scale data for train-
ing. However, obtaining action-labeled data is prohibitively expensive and makes it difficult to en-
sure dataset diversity. To remedy this, Latent Action Models (Schmidt & Jiang, [2024; Bruce et al.,
2024; Ye et al} 2025 Kim et al.| 2025) have emerged as a prominent approach by extracting latent
actions directly from observation-only data. Generally, by utilizing inverse and forward dynamics
models, LAMs infer the latent action between two frames. These latent actions are then used for
pretraining Vision-Language-Action models (VLAs) with actionless data (Ye et al.,|2025; Bu et al.|
2025)), transferring actions across different embodiments (Kim et al., [2025)), or enabling interaction
within world models (Bruce et al., 2024} |Gao et al., [2025).

Latent actions offer a promising way to leverage dynamic information from diverse video sources.
Despite their flexibility, existing latent action models are largely limited to short-term motion. As a
result, they can capture low-level dynamics from observation-only data but often miss higher-level
structure, such as temporally extended skills. This exposes a key gap where actionless videos contain
not only primitive motions but also high-level skills that remain underutilized.

This raises a natural question: how can we extract such skills from unlabeled video? Prior work
typically either assumes a fixed set of skill vectors (Zhu et al.l 2022} |Liang et al.| |2024) or encodes
fixed-length sequences of low-level actions into skill representations (Pertsch et al.l [2021a)). In
contrast, real-world skills vary in duration, and large-scale data introduces an increasingly diverse set
of behaviors. Even for the same task, demonstrations can vary substantially in execution speed and,
consequently, in skill duration. When skills are forced into a fixed-length window, two trajectories
that express the same underlying behavior may be mapped to very different skill representations.
Another line of work uses language to define skills (Shi et al.,[2025). However, it typically segments
behavior from task descriptions, such as by splitting an instruction into sub-instructions, rather than
from motion cues. Therefore, language is a complementary signal for skill discovery and not a
replacement for modeling dynamics.

To this end, we propose HILAM, a hierarchical latent action model that encodes latent skills from
sequences of latent actions, regardless of their length or the need for pre-defined skill sets. [I|demon-
strates the overall architecture of HILAM. To enable a dynamic hierarchical design, we adopt the
H-Net (Hwang et al., 2025) architecture, which introduces a novel dynamic chunking mechanism
that automatically segments boundaries. Following the H-Net framework, we formulate HILAM
using a next-token prediction approach during pretraining, utilizing latent actions extracted from an
inverse dynamics model (IDM). Additionally, predicted latent actions are used to reconstruct future
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frames, consistent with prior works (Ye et al.,|2025; |Kim et al.,[2025), to maintain their dynamic mo-
tion properties. Due to H-Net’s dynamic chunking mechanism, latent actions are naturally grouped
into similar representations of varying lengths without the need for action labels. These representa-
tions are then processed through an encoder to serve as latent skills. Once these skills are obtained,
we train a skill policy to predict the latent skill based on the current observation. Simultaneously,
we train a skill-conditioned policy to predict low-level actions based on the observation and the
predicted latent skills.

Our experiments show that HILAM is able to detect and encode skill representations while remaining
free from constraints on length or pre-defined skill sets. Furthermore, the predicted next latent
actions maintain interpretability, which is demonstrated by predicting future frames corresponding
to the given latent actions. In terms of training computation, since HILAM reuses pretrained LAMs
for extracting latent actions, it is capable of encoding long-horizon trajectories efficiently.

2 RELATED WORK

2.1 LATENT ACTION LEARNING

Latent action learning is a prominent approach for inferring actions from observation-only data. By
analyzing frame transitions, Latent Action Models (LAMs) extract the latent action between frames
using an Inverse Dynamics Model (IDM). LAPO (Schmidt & Jiang, [2024) focuses on inferring
discrete latent actions from gaming environments, while Genie (Bruce et al., |2024) proposes an
interactive world model for games through a discrete latent action space. Since prior works were
largely limited to simulated environments, LAPA (Ye et al., [2025)) introduces latent action learning
to robotics, leveraging diverse actionless data by utilizing latent actions as pseudo-labels for training
VLAs.

Standard LAMs often utilize a Forward Dynamics Model (FDM) to predict future images, where
the reconstruction objective encodes dynamic information into the latent action. However, this pro-
cess can accidentally incorporate task-irrelevant information into latent representation. To address
this, UniVLA (Bu et al.|[2025)) proposes a task-centric learning approach, while UniSkill (Kim et al.},
2025)) adopts an image-editing pipeline and LAOM (Nikulin et al., 2025) utilizes supervised learning
to reduce such dependencies. Furthermore, to represent more diverse action spaces, UniSkill (Kim
et al., 2025) and CLAM (Liang et al., 2025) employ continuous latent actions rather than discrete
ones. Latent actions also serve as a substitute for explicit action labels in world models, which is nec-
essary for interaction. Recent works such as AdaWorld (Gao et al., [2025) and Latent Action World
Model (Garrido et al.| |2026)) utilize latent action learning specifically for world model training.

However, these LAMs are generally limited to short-period motion patterns and lack the capacity to
represent high-level skills. To address this, HILAM introduces a method for extracting latent skills
from actionless data.

2.2 HIERARCHICAL ROBOT LEARNING

Hierarchical robot learning uses skill representations as an intermediate abstraction for action predic-
tion, enabling policies to better handle long-horizon and complex tasks. Unlike low-level actions,
skills are difficult to annotate manually within demonstrations. Consequently, prior work often
adopts unsupervised training paradigms to learn these abstractions from action sequences.

SPiRL (Pertsch et al.l |2021a) and SkiLD (Pertsch et al., 2021b)) employ autoencoder architectures
to learn skill representations from fixed-length action sequences, using these learned priors to ac-
celerate reinforcement learning in downstream tasks. SAILOR (Nasiriany et al.| [2022) also uses
an autoencoder framework for skill extraction, further incorporating a temporal-distance objective
to ensure the learned representations are temporally aware. Rather than using latent embeddings,
BUDS (Zhu et al.| 2022) discovers skills by clustering unsegmented demonstrations into temporal
segments based on a set of predefined skill primitives. SkillDiffuser (Liang et al.,[2024)) adopts VQ-
VAE (van den Oord et al.| [2017) to encode high-level instructions into a discrete set of learnable
skills and uses them for future-frame generation. Meanwhile, Hi Robot (Shi et al., 2025) uses a
high-level VLM to map user prompts into low-level language commands.
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Prior work typically assumes a fixed horizon for encoding skill representations, a fixed number
of skill primitives, or a different modality. In contrast, HILAM introduces a dynamic chunking
mechanism that abstracts sequences of low-level motions in a data-driven and length-adaptive way.

3 METHOD

In this paper, we propose HILAM, a hierarchical latent action model. The framework consists
of two phases. In the first phase, HILAM is trained to predict the next latent action utilizing a
dynamic chunking mechanism. Due to its architectural properties, HILAM automatically detects
skill boundaries within untrimmed input latent action sequences. In the second phase, we utilize
these latent actions and the encoded latent skills to train high-level and low-level policies. Since
each latent skill contains shared information within a chunked segment, the high-level policy is
trained to predict latent skills, while the low-level policy is trained to predict latent actions. Finally,
we fine-tune the low-level policy with ground-truth actions to map the latent action space to the true
action space.

3.1 PRELIMINARIES

3.1.1 PROBLEM FORMULATION

We formalize the objective as encoding high-level latent skills, 2", from observation-only videos V
to facilitate hierarchical policy learning. Our approach decomposes long-horizon trajectories into
a hierarchy of latent representations, mapping visual observations to executable actions. Given
an observation-only video V of length 7', we first extract a sequence of low-level latent actions
{z{, e le_ k} Following prior work (Ye et al., 2025} Kim et al.,|2025), we use an inverse dynamics
model to infer the motion between two frames, I; and [, , separated by a fixed temporal interval
k (Figure[Ik). To capture temporal abstractions, this sequence of low-level latent actions is further
compressed into a sequence of high-level latent skills {27, ..., 2%}, where S < T' — k. We allow
both 7" and S to be variable, accommodating trajectories and skills of varying temporal durations.
For downstream control, we employ a hierarchical policy framework. At each decision step, a
high-level policy observes the current state o, and a task instruction [ to predict a target latent skill,
21 ~ (21|04, 1). Subsequently, conditioned on this high-level skill and the current observation, a
low-level policy generates the primitive action a; for robot execution via a; ~ 7! (a;|os, 21).

3.1.2 DyYNAMIC CHUNKING MECHANISM

To abstract long sequences of latent actions into temporally extended skills, HILAM adopts the
H-Net (Hwang et al. |2025) architecture, which learns a data-driven segmentation of the input via
dynamic chunking. At a given stage s, let the input sequence be z° = (2§, ..., 2] .). An encoder £°
maps each token to a feature vector h§ € R?. H-Net then predicts boundary indicators b5 € {0,1}
that decide whether token ¢ starts a new chunk. We interpret b = 1 as a segment-start boundary (i.e.,
token ¢ is the first token of a new chunk). Following |Hwang et al.| (2025), we compute normalized

query/key features q; and l;f from h; and define

1 t=1
pi=37 rs \TLs ’ b = Lips>o0.5)- (1)
! {;(l(qt_l)Tkt), t>1, £ Hpi205)

Intuitively, p{ is large when consecutive tokens are dissimilar, encouraging a boundary at ¢. Given
the boundary pattern, we perform chunking (downsampling) by selecting only the boundary features.
Let Z° = {t | b{ = 1} denote the selected boundary indices (ordered increasingly), and let L5t1 =
|Z¢|. The chunked sequence is obtained as

2t =, where t; € T°. )

2
That is, the stage-(s + 1) tokens are selected encoder features at boundary indices and serve
as chunk-level summaries. A main network M?* then processes the shorter sequence z*t! =

(5% ZZJZ}I ), and a decoder D? expands the processed sequence back to length L*® conditioned
on the same boundary pattern. Overall, the encode—chunk—-main—dechunk stage is summarized by
h® = £%(2%), z°T! = Chunk(h®; b%),
s s+1 +1 . o1 3)
7T = M%(z2°T), z° = DeChunk(D?(z°7"); b?).
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Figure 1: Overview of HILAM. (a) Overall latent skill learning pipeline. (b) Training objectives
used for latent skill learning. (c) Extracting latent actions using a pretrained inverse dynamics model
(IDM).

Stacking multiple stages yields a hierarchical representation in which higher levels operate on pro-
gressively shorter, chunk-level sequences.

3.2 LATENT SKILL LEARNING

We learn a hierarchy of latent skill representations from observation-only videos using a hierarchical
sequence model. In sequence modeling, inputs typically consist of language tokens, DNA bases, or
action trajectories. However, because ground-truth actions are unavailable in observation-only data,
we use a pretrained Inverse Dynamics Model (IDM) (Ye et al., [2025; |Kim et al., 2025) to extract
latent actions. We then apply the dynamic chunking mechanism (Hwang et al.| 2025) to segment
the latent action sequence into meaningful temporal chunks, encoding each chunk as a latent skill

(Figure ).

Let z' denote the resulting latent action sequence, and we use it as the initial input to HILAM, i.e.,
z" = z!. After each encoder £°, the model predicts boundary indicators b* and selects representative
tokens to form the chunked sequence z°*!. As described in Equation , boundaries are determined
from feature dissimilarities, encouraging segmentation at points of large temporal change. The
selected tokens summarize each segment, effectively compressing a variable-length sequence of
latent actions into a shorter sequence of segment-level representations. We treat these higher-level

tokens z* (for s > 0) as latent skill representations, denoted z".

Finally, after hierarchical processing through the encoder—-main—decoder stack, HILAM predicts the

next latent actions at the lowest level. Given an input sequence z° = (29,...,2Y,), the model

outputs 2° = (29,...,29,_ ;) via next-token prediction.

Training objective. We optimize a weighted combination of (i) next-latent prediction, (ii) a visual

supervision term that can be instantiated in different ways, and (iii) the H-Net chunking regularizer:
L= Elatent + >\rec Lrec + /\ratio Eratio- (4)

In this formulation, Lij.tent iS an element-wise ¢; loss (Bardes et al., 2024} |Assran et al., [2025])
between predicted and target latent actions, modeling the next-token prediction task. The term
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Figure 2: Latent skill extraction and policy learning. (a) Latent actions z' are hierarchically encoded
into stage-wise representations z° and then expanded back to a per-timestep latent skill sequence
z". (b) Overall pipeline of the hierarchical skill policy.

L.ec provides additional supervision to ensure that the predicted latents maintain their action-like
properties. To achieve this, we employ a pretrained Forward Dynamics Model (FDM) to predict
future frames conditioned on the predicted latent actions. For instance, if 2{,  is predicted from

z?, the FDM is expected to predict the future frame ft+k+1 using the current frame ;11 and the
predicted latent action 2! " 1. To preserve the dynamic motion properties of the latent action, we

define L, as the reconstruction error between the predicted frame ft+k+1 and the ground-truth
frame ;1. Finally, £,,4;, denotes the H-Net ratio regularizer (Hwang et al,[2025) that prevents
degenerate boundary patterns and controls the average chunk length.

Latent Skill Extraction. After training HILAM, we extract stage-wise latent skills and align them
to the original video length T for downstream hierarchical policy learning. Given an observation-
only video V = {I3,..., IT}, HILAM produces at each stage s a downsampled sequence of latent
representations z° = {z7,..., z7.} with L* < T (Equation ). Because z° is defined at the stage
resolution, we expand it back to the original temporal resolution using the unfolded boundary.

Let b® € {0,1}7 denote the unfolded boundary of stage s, i.e., the boundary pattern expressed at
the original temporal resolution. We assign each timestep ¢ to its segment ID via a cumulative sum
and expand the stage-s sequence by indexing:

ki = b, Z o=z, t=1,..T (5)

Here, k; is constant within a segment and increases by 1 whenever b{ = 1, so each timestep inherits
the latent representation of its corresponding segment. As shown in Figure 2] the resulting sequence

7° = {Z},..., 25} serves as the per-timestep latent skill sequence z" used for downstream policy
learning.

3.3 HIERARCHICAL POLICY LEARNING

To leverage the learned latent skills for control, we train a hierarchical policy consisting of a high-
level policy 7" and a low-level policy 7! (Figure ). We consider two training phases: pretraining
on large-scale, actionless videos and fine-tuning on a target domain with action labels.

Pretraining. During pretraining, we supervise both policies using the latent skill/action sequences
extracted by HILAM. The high-level policy predicts a latent skill from the current observation and
task description, 27" ~ 7 (2" | o,1). Conditioned on the observation and the predicted skill, the
low-level policy predicts the corresponding latent action, 2! ~ w!(z! | os, 2%). We train 7" and
7! to match the extracted targets z/* and z/, respectively. Because these targets are obtained from

observation-only videos, pretraining can use diverse video sources (e.g., robot or human videos).
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Fine-tuning. After pretraining, we freeze the high-level policy 7" and fine-tune the low-level
policy on target-domain data with ground-truth actions. Given the predicted skill 2, the low-level
policy outputs a real action for execution, a; ~ 7' (a; | oz, 21').

4 EXPERIMENTS

4.1 EXPERIMENT SETUP

Datasets We train HILAM on observation-only video datasets spanning both human and robot
behaviors. For human videos, we use Something-Something V2 (Goyal et al., 2017, which contains
short clips of humans performing diverse object-centric actions. For real-world robot videos, we use
Droid (Khazatsky et al., |2024) and BridgeV2 (Ebert et al., [2022), which are large-scale datasets
collected with Franka and WidowX-250 robot arms, respectively.

Implementation details Following H-Net (Hwang et al., [2025)), HILAM uses a two-stage H-Net.
To extract latent actions from actionless videos, we use UniSkill (Kim et al.,2025)’s inverse dynam-
ics model (IDM) as the latent-action tokenizer, and its forward dynamics model (FDM) for frame
prediction conditioned on the predicted latent actions. For latent skills z*, we use the stage-s = 2
representations, i.e., z" = z2. For hierarchical policy learning, both the high-level and low-level
policies are based on the BAKU (Haldar et al.,[2024) architecture, and we use a TS5 encoder (Raffel
et al., 2020) as the language encoder. For pretraining, we use either human videos (Something-
Something V2) or robot videos (BridgeV2). In both cases, we treat the data as observation-only:
we discard any available action annotations, extract latent actions/skills solely from each video, and
use them as pseudo-labels to train both the high-level and low-level policies. For fine-tuning, we
freeze the high-level policy and train only the low-level policy using expert demonstrations. Unless
otherwise stated, both pretraining and fine-tuning are run for 100k gradient steps.

Benchmark We evaluate downstream control on the LIBERO benchmark (Liu et al.| [2023). We
report results on four suites: LIBERO-Spatial, LIBERO-Object, LIBERO-Goal, and LIBERO-Long.
LIBERO-Spatial emphasizes spatial reasoning, while LIBERO-Object tests generalization by vary-
ing the manipulated objects. LIBERO-Goal uses consistent objects and backgrounds, requiring the
policy to follow the language instruction to succeed. LIBERO-Long is the most challenging suite,
consisting of long-horizon tasks with multiple sub-goals. Each suite contains 10 tasks, and each
task provides 50 demonstration trajectories. We fine-tune on the provided expert demonstrations
and report success rates using the official evaluation rollouts.
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Figure 3: LIBERO benchmark results. (a) Performance of BAKU (gray) and HiLAM (blue) on
the LIBERO benchmark. (b) LIBERO-Long success rate as a function of the fraction of expert
demonstrations used for fine-tuning.
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Table 1: Ablations on LIBERO-Long, effects of pretraining data and the stage used for latent
skill/action conditioning.

Method Pretraining Latent Latent Success

dataset skill action rate
Robot - z0 0.87
Robot - z2 0.81
BAK
U Human - 70 0.91
Human - z? 0.87
- - - 0.67
Robot zt z0 0.90
Robot z2 z0 0.90
HiLAM Robot z2 z! 0.87
Human z z0 0.89
Human z2 z0 0.94
Human z2 z! 0.89

4.2 RESULTS

4.2.1 LIBERO BENCHMARK RESULTS

Figure [3] summarizes performance on the LIBERO benchmark. In Figure [3a] we compare HILAM
against BAKU (Haldar et al.,2024), a recent state-of-the-art baseline. Across all four suites, HILAM
consistently outperforms BAKU, demonstrating the effectiveness of learning temporally extended
latent skills from actionless videos.

LIBERO-Long and data efficiency. Figure[3b|focuses on LIBERO-Long, which consists of long-
horizon, multi-stage tasks and therefore provides a more stringent test of whether the learned latent
skills capture meaningful temporal structure. We pretrain a hierarchical policy using pseudo-labels
(latent skills and latent actions) extracted by HILAM from diverse actionless videos, and then fine-
tune with varying fractions of expert demonstrations. With only 10% of the demonstrations, BAKU
achieves a 23% success rate, whereas HILAM achieves 45%, nearly doubling performance. With
50% of the demonstrations, HILAM reaches 84%, comparable to BAKU trained with 100% of the
data. With the full 100% of demonstrations, HILAM achieves 94%, outperforming BAKU by a large
margin.

4.2.2 ABLATION STUDIES

To validate the effectiveness of HILAM, we conduct ablation studies on LIBERO-Long by varying
key components, as shown in Table[T} Because HiLAM uses a hierarchical policy to jointly leverage
latent skills and latent actions, we study which combinations are most effective for pretraining.

First, we vary the pretraining dataset (human vs. robot videos). Both improve performance, but
human videos perform best; we therefore use human pretraining by default.

Next, we vary the stage index s used for conditioning via the unfolded representations z° for latent
skills and latent actions. As shown in Table [I} using s = 2 for latent skills and s = 0 for latent
actions yields the best performance across both human and robot pretraining. The stage-2 repre-
sentation is produced by the deepest encoder and thus captures longer-range temporal context with
more semantically clustered segments; we adopt this setting as default.

We also evaluate whether a non-hierarchical (flat) policy can benefit from latent conditioning by
pretraining BAKU with latent actions from either s = 0 or s = 2. While this improves performance,
it still lags behind the hierarchical policy, highlighting both the benefit of latent actions and the need
for hierarchical policy learning. Finally, training the hierarchical policy only on the target tasks
(without large-scale pretraining) significantly degrades performance, indicating that the gains are
not due to the policy architecture alone.
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Figure 4: Qualitative results for skill boundary prediction. Using the predicted boundary indicators
7, we assign each frame to a skill segment k; and display the segment ID for each segment.

4.2.3 DYNAMIC SKILL CHUNKING

During training, HILAM naturally identifies segment boundaries that correspond to individual, se-
mantically meaningful skills. As described in Equation (3)), we utilize the predicted boundary indi-
cators to partition the trajectory into segments. Each resulting segment consists of a variable-length
sequence of latent actions and is interpreted as a distinct latent skill.

To assess this discovery capability, we visualize the inferred chunks in Figure f] Each segment is
assigned a distinct color and ID corresponding to the boundary predictions from HiLAM. In Segment
2, the gripper moves across the workspace toward the bowl. In Segment 3, HILAM predicts a new
boundary as the gripper picks up the bowl. Finally, in Segment 4, the gripper moves to the target
location and places the bowl down.

Despite being trained in a fully unsupervised
manner without any labels or ground-truth ac-
tions, HILAM consistently groups latent action
sequences into coherent skills. This qualita-
tive result indicates that the proposed dynamic
chunking mechanism captures meaningful tem-
poral structure.

4.2.4 LATENT ACTION PREDICTION

As described in Section HiLAM predicts
the next latent action from 2} to z},,. There-
fore, it should preserve the action-like property
of the latent representation, i.e., the motion pat-
tern between two frames I, and ;. To verify
that the predicted latent actions retain this mo-
tion information, we evaluate them via future-
frame prediction. Using the pretrained FDM, Figure 5: Qualitative results for future frame pre-
we generate the future frame I, . from the cur- diction using a pretrained FDM. Given the cur-
rent frame I, and the predicted latent action 2/, rent image I; and the predicted latent action 2,

Figure |5|shows qualitative results. Although 2!  the model predicts the future frame ft+ k-

Ievk
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is predicted from the history z!, ,, it still yields a consistent future-frame prediction ft+k. This
indicates that the predicted latent actions retain meaningful motion information, and that HILAM
implicitly models temporal dynamics through next-latent prediction.

5 CONCLUSION AND LIMITATIONS

We present HILAM, a hierarchical latent action model that learns temporally extended latent skills
from sequences of low-level latent actions. Unlike prior work, our approach extracts high-level
motion structure from actionless videos without requiring action labels or pre-defined skill sets. By
leveraging a hierarchical architecture with dynamic chunking, HILAM segments variable-length tra-
jectories and encodes each segment into a representative latent skill. These learned skills improve
downstream performance, particularly on long-horizon and multi-stage tasks, while preserving in-
terpretability through next-latent prediction and future frame prediction. Finally, we demonstrate
that using the discovered skills to pretrain a hierarchical policy yields significant data efficiency
during fine-tuning.

While our work focuses on encoding latent skills from latent action sequences that capture low-level
motion patterns, incorporating language represents a promising direction for future research. Motion
cues and language instructions provide orthogonal rather than parallel information. Utilizing both
signals could lead to a complementary synergy rather than one replacing the other. For example,
imitating motion is often more effective for complex tasks such as furniture assembly, whereas fol-
lowing language instructions can enhance generalizability by imposing fewer constraints compared
to specific motion cues. Therefore, combining hierarchical latent action modeling with natural lan-
guage is a promising future step.

Limitations. While HILAM introduces a novel approach for skill discovery, our experiments are
primarily conducted in simulated environments such as LIBERO. Validating the framework through
real-world experiments would further demonstrate the effectiveness of the proposed method. Addi-
tionally, to ensure computational efficiency during temporal modeling, HILAM utilizes a pretrained
IDM. However, training the entire architecture end-to-end could potentially lead to a deeper joint
understanding of both low-level motion patterns and high-level skills.
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