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Fig.1: LARYBench evaluates vision-to-action transformation on both action general-
ization and robotic control.

Abstract. While the shortage of explicit action data limits Vision-
Language-Action (VLA) models, human action videos offer a scalable
yvet unlabeled data source. A critical challenge in utilizing large-scale
human video datasets lies in transforming visual signals into ontology-
independent representations, known as latent actions. However, the ca-
pacity of latent action representation to derive robust control from vi-
sual observations has yet to be rigorously evaluated. We introduce the
Latent Action Representation Yielding (LARY) Benchmark, a unified
framework for evaluating latent action representations on both high-
level semantic actions (what to do) and low-level robotic control (how
to do). The comprehensively curated dataset encompasses over one mil-
lion videos (1,000 hours) spanning 151 action categories, alongside 620K
image pairs and 595K motion trajectories across diverse embodiments
and environments. Our experiments reveal two crucial insights: (i) Gen-
eral visual foundation models, trained without any action supervision,
consistently outperform specialized embodied latent action models. (ii)
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Latent-based visual space is fundamentally better aligned to physical
action space than pixel-based space. These results suggest that general
visual representations inherently encode action-relevant knowledge for
physical control, and that semantic-level abstraction serves as a funda-
mentally more effective pathway from vision to action than pixel-level
reconstruction.
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1 Introduction

The paradigm of learning from large-scale, unlabeled human video data has
emerged as a promising solution to the “data island” problem in robotics, where
diverse action-labeled datasets remain too scarce to train generalist foundation
models. The pivotal challenge in leveraging human video data lies in the trans-
formation of raw visual signals into ontology-agnostic action representations,
commonly referred to as latent actions [41/6H8l101261/36//37]. Pioneering Latent Ac-
tion Models (LAM) such as Latent Action Pretraining from Videos (LAPA) [37],
Moto [8], and LAPO |29] introduced unsupervised frameworks that tokenize vi-
sual changes between video frames into discrete latent action tokens, analogous
to word pieces in natural language processing. Similarly, IGOR [6] treats the
compression of visual changes between initial and goal images as atomic control
units, facilitating semantic consistency across human and robot embodiments.

Despite recent progress in transforming vision to latent action, it lacks a
thorough and rigorous framework for assessing the quality and effectiveness of
latent action representations. Existing evaluations primarily rely on downstream
manipulation task performance or qualitative methods such as cluster visualiza-
tion [4L/6l8,/11,|26L28,291|37]. These approaches fail to decouple the assessment
of the VLA components from the latent action quality itself. Furthermore, there
is a notable absence of evaluation methods that span different entities, tasks,
and granularities, making it difficult to assess the generalization capabilities of
action representations. Crucially, the impact of different training architectures,
strategies, and usage paradigms on action representation remains underexplored.

To bridge this gap, we introduce the Latent Action Representation Yielding
(LARY) Benchmark, a quantitative framework designed to rigorously evaluate
latent action representations. Our objective is to establish a standardized metric
that assesses both embodied capabilities spanning cross-agent and cross-scenario
applications and video understanding ability.

Actions in embodied intelligence inherently span two complementary lev-
els: high-level semantic intent that specifies what to do, and low-level physical
control that determines how to do it. LARY Bench evaluates latent action repre-
sentations along both dimensions. For High-Level Semantic Understanding, we
assess whether representations can distinguish atomic primitives (e.g., “move up”,
“close gripper”) and composite behaviors (e.g., “pick up”, “place”, “twist”), draw-
ing on diverse human and robot manipulation videos that cover a wide range of
scenarios. For Low-Level Control Mapping, we examine whether representations
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preserve sufficient physical detail to reconstruct end-effector trajectories, using
embodied datasets with fine-grained robot motion annotations.

Since current embodied video datasets |9,12-14.|19}|34] often suffer from im-
precise temporal boundaries and inconsistent action annotations, we develop an
automated data engine to re-segment and re-annotate a large-scale corpus. The
resulting benchmark comprises over 1.2M short videos (totaling more than 1,000
hours) spanning 151 unique action categories, alongside 620K image pairs and
595K motion trajectories. It covers both human and robotic agents, captured
from egocentric and exocentric perspectives across simulated and real-world en-
vironments. Building on this diverse foundation, LARYBench instantiates the
two evaluation dimensions as concrete tasks: Semantic Action Classification and
Low-level Control Regression.

To systematically assess latent action quality, we benchmark three fami-
lies of models: (i) Embodied LAMs (e.g., LAPA [37|, UniVLA [4], villa-
X |7]), which are purpose-built for robot manipulation; (ii) General Vision
Encoders, including both semantic-level (DINOv3 [30], V-JEPA 2 [3]) and
pixel-level (FLUX.2-dev [16], Wan2.2 [33]) backbones, evaluated for their in-
herent capacity to encode action-relevant features without explicit action super-
vision; and (iii) General LAMs; a new class of models we propose by grafting
the LAM training paradigm onto frozen general vision backbones (e.g., LAPA-
DINOv2, LAPA-DINOv3, LAPA-SigLIP2, LAPA-MAGVIT2). Across 11 mod-
els, our evaluation reveals a consistent hierarchy: off-the-shelf General Vision
Encoders outperform General LAMs, which in turn surpass Embodied LAM:s,
suggesting that current embodied-specific training not only fails to leverage pow-
erful visual priors but may actually constrain representation quality.

Our contributions are as follows:

— We introduce LARYBench, a comprehensive benchmark that first decou-
ples the evaluation of latent action representations from downstream policy
performance. LARYBench probes representations along two complementary
dimensions, high-level semantic action (what to do) encoding and the low-
level physical dynamics required for robotic control (how to do it), enabling
direct, standardized measurement of representation quality itself.

— To support rigorous evaluation, we develop an automated data engine to
re-segment and re-annotate a large-scale corpus, yielding 1.2M videos, 620K
image pairs, and 595K trajectories across 151 action categories and 11 robotic
embodiments, covering both human and robotic agents from egocentric and
exocentric perspectives in simulated and real-world environments.

— Through systematic evaluation of 11 models, we reveal two consistent find-
ings: (i) action-relevant features can emerge from large-scale visual pre-
training without explicit action supervision, and (ii) latent-based feature
spaces tend to align with robotic control better than pixel-based ones. These
results suggest that future VLA systems may benefit more from leveraging
general visual representations than from learning action spaces solely on
scarce robotic data.
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2 Related Work

Latent Action Representation from Videos. To alleviate reliance on tele-
operated data, recent research extracts latent control signals from unlabeled
videos via Inverse Dynamics Models (IDMs). Existing approaches diverge into
discrete and continuous paradigms. Discrete methods, such as LAPA [37] and
Moto [8], employ Vector Quantization (VQ) to facilitate autoregressive behavior
cloning, though often at the cost of fine-grained information loss. Conversely,
continuous approaches like CoMo [36] preserve motion fidelity but risk short-
cut learning from background cues. To improve physical grounding and mitigate
such artifacts, recent works incorporate semantic constraints via language or
saliency (UniVLA [4], IGOR [6]) and integrate physical priors, like real robot
trajectories |7[17,25].

Latent Actions in World Models and VLAs. Latent actions function as
a unification interface in generalist systems. In Vision-Language-Action (VLA)
architectures like GROOT [26], they decouple high-frequency control from low-
frequency reasoning. Simultaneously, World Foundation Models (WFMs), in-
cluding Cosmos [2]|, VideoWorld [28], AdaWorld |11], and V-JEPA 2 [3| utilize
latent actions to condition future-frame prediction, enabling agents to internal-
ize physical rules from passive observation. Expanding on the data sources for
these models, DreamDojo |10] leverages large-scale human videos to construct a
generalist robot world model, demonstrating the efficacy of extracting physical
dynamics and actionable representations directly from human demonstrations.
Advanced frameworks such as F1 [21] and InternVLA-A1 [5] further unify un-
derstanding, generation, and action within a single VLA framework, with the
former emphasizing visual foresight via predictive inverse dynamics modeling.

Evaluation of Latent Action Representations. Despite the proliferation
of LAMSs, quantitative evaluation remains challenging. Standard reconstruction
metrics often fail to distinguish action dynamics from environmental noise. While
benchmarks like EWMBENCH [38] and LAWM |[31] utilize trajectory consis-
tency or Canonical Correlation Analysis (CCA) for alignment, recent diagnostic
studies [15}24}/39] reveal that many models struggle with distractor robustness
and the extraction of task-relevant semantics. Our work extends these inquiries
by employing attentive probing and regression to rigorously test the semantic
separability and embodied ability of latent action representations.

3 The LARY Benchmark

To enable a comprehensive assessment of latent action representations, we pro-
pose the Latent Action Representation Yielding Benchmark (LARYBench), which
unifies the evaluation of both high-level semantic action encoding and the low-
level physical dynamics required for robotic control. Formally, given a sequence
of visual observations o1.7, the motion information is extracted by a latent ac-
tion model (LAM) as the latents z € Z. LARYBench evaluates the efficacy of Z
through two tasks: fsem : 2 — C for semantic action decoding via classification
task, and fgyn : £ — A for robotic control construction via regression task.
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(a) Benchmark construction (b) Latent action extraction (c) Evaluation
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Fig. 2: Overall pipeline of LARYBench. First, (a) we construct a comprehensive
dataset featuring both atomic and composite actions across varied domains to support
classification and regression tasks. Next, (b) we extract the continuous latent action z
using various representation paradigms, also highlighting the integration of pre-trained
general vision encoders within the VQ-VAE training architecture. Finally, (c¢) we eval-
uate these representations utilizing probe-based classification and latent-conditioned
regression to quantify their semantic separability (Accuracy) and physical dynamics
modeling capabilities (MSE), respectively.

As shown in Figure [I] LARYBench is curated from a massive amount of
multi-embodiment datasets and human datasets, encompassing 151 meticulously
defined actions (including 28 atomic actions and 145 composite actions), and cor-
responding 1.2M annotated samples. The dataset covers a large range of human
activities from the frequent “pick” and “place”, to the long-tail “shovel” (snow) and
“float” (balloon). To ensure morphological diversity, the dataset spans 11 distinct
robotic embodiments, ranging from widely used single-arm manipulators such as
Franka to complex bimanual and semi-humanoid platforms such as the AgiBot
G1, Agilex Cobot, and Realman series, and includes extensive human-ego-centric
interaction data. To ensure environmental diversity, the dataset captures thou-
sands of unique object manipulations across a broad spectrum of unstructured
environments, including simulated tabletops, authentic residential kitchens, com-
mercial spaces, and industrial scenes.

With the diverse dataset spanning actions, embodiments, and objects, the
evaluation framework of LARYBench is depicted in Figure [2| Next, we intro-
duce the construction pipeline for the semantic action classification task and the
robotic control regression task, respectively.

3.1 Hierarchical Semantic Probing Protocol

Evaluating the semantic richness of latent action representations requires dis-
entangling spatio-temporal complexities. We formalize this through a multi-
granularity semantic probing protocol.

Kinematic-Level Atomic Primitives At the most granular semantic level, repre-
sentations must capture instantaneous state variations. We define the Atomic
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Fig. 3: Data curation process for LARYBench. To efficiently transform diverse
raw videos into standardized evaluation tasks, we integrate a Vision-Language Model
(VLM) with robust spatio-temporal video understanding capabilities. The VLM serves
as the core reasoning agent for temporal video segmentation and semantic action align-
ment.

Robot task by decomposing the robot’s end-effector actions into 28 discrete
kinematic primitives, comprising finely resolved directional translations and bi-
nary gripper states. Leveraging exo-centric demonstrations from the LIBERO
suite [18|, we apply detailed data preprocessing, such as thresholding motion
along the z-axis relative to static orthogonal directions, to extract 25,940 high-
quality image pairs with trajectories.

Task-Level Composite Behaviors To assess the capacity for abstracting complex
behavioral semantics across diverse embodiments and scenarios, we introduce the
Composite Human and Composite Robot tasks. To handle diverse data quality
across existing datasets [9,12-14,(34], we develop an automated and scalable data
engine to perform precise temporal segmentation and semantic alignment (see
Figure . Comprehensive details of this engine’s architecture are provided in the
Appendix. By deploying this system across a diverse corpus of ego-centric human
datasets (HoloAssist [34], Ego4D [13], Something-Somethingv2 [12], TACO [19],
EPIC-KITCHENS 9], EgoDex [14]) and realistic bimanual robot demonstrations
(AgiBotWorld-Beta [1]), we extract 692,297 human clips and 538,423 robot clips
under a unified taxonomy of 145 composite behavior classes. Beyond this ini-
tial curation, our automated engine holds the potential to continuously process
future data streams, ensuring the ever-growing nature of the dataset.

3.2 Physical Execution Mapping Assessment
While semantic features encode what to do, robotic manipulation ultimately

demands how to do. Our trajectory regression task evaluates the latent space’s
physical grounding by directly decoding continuous end-effector actions.
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This protocol spans diverse hardware morphologies and action spaces. For
single-arm exo-centric scenarios, we utilize CALVIN [22] and VLABench [40]
featuring Franka arms. For bimanual ego-centric scenarios, we incorporate Robo-
COIN |35] across 10 diverse platforms and AgiBotWorld-Beta featuring the Agi-
Bot G1. The action space heterogeneity is meticulously preserved: AgiBotWorld-
Beta targets a 16-DoF space containing absolute position, quaternions, and grip-
per state, whereas RoboCOIN maps to a 12-DoF space of position and Euler
angles. We deliberately mask the dexterous hand joint data in RoboCOIN to
focus the evaluation on macroscopic arm displacements, as fine-grained finger
articulation remains an ill-posed inverse problem for current visual encoders.

4 Experiments

In this section, we conduct comprehensive experiments and try to answer the
following questions.

1. Do Latent Actions Capture Diverse Actions?
2. Do Latent Actions Encode Enough for Control?
3. What Constitutes an Effective Latent Action Model?

4.1 Taxonomy of Action Representation Paradigms

To establish a comprehensive baseline, we categorize latent action models into
four distinct learning paradigms:

— Embodied Latent Action Models: Architectures natively designed for
VLAs, such as LAPA [37], UniVLA [4], and villa-X [7], which explicitly en-
tangle temporal dynamics with robotic control via forward /inverse dynamics
modeling.

— General Semantic Encoders: High-capacity visual backbones like DI-
NOv3 [30] and V-JEPA-2 [3| optimized for contrastive alignment or latent-
level reconstruction, evaluated here for their zero-shot temporal modeling
capacity.

— Generative Pixel Encoders: Video synthesis models such as Wan2.2
VAE [33] and FLUX.2-dev VAE [16| that leverage spatial-temporal com-
pression and pixel-level reconstruction to implicitly capture motion priors.

— General Latent Action Models: To leverage the extensive knowledge
embedded in pre-trained visual backbones, we explore modeling visual mo-
tion at the feature level. Specifically, we substitute the default encoder in
the LAPA framework with various pre-trained backbones—ranging from se-
mantic encoders like DINOv2 [27]|, DINOv3 [30], and SigLIP 2 [32] to pixel
ones such as MAGVIT?2 |20]. These hybrid models, trained on internet data
containing human motions, robot motions, and environment motions, are in-
cluded to assess how pre-trained visual priors enhance latent action learning.
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4.2 Evaluation Settings

Data Split and Evaluation Metrics To maintain consistent class distributions
across classification tasks, we apply randomized stratified sampling, partitioning
atomic and composite tasks at 75:25 and 70:30 ratios, respectively. Regression
tasks on VLABench [40]| adhere to a standard 75:25 train-validation split. For
cross-environment evaluation on CALVIN 22|, environments A, B, and C are
allocated for training, with D designated for validation. RoboCOIN [35] and
AgiBotWorld-Beta [1] are also divided at a 75:25 ratio for training and val-
idation. For semantic action classification, we report the Top-1 Accuracy av-
eraged across all action categories. For low-level control regression, we utilize
several metrics to measure physical fidelity. In Table 2] we report the Nor-
malized MSE, which calculates the element-wise MSE in the normalized action
space. To provide a comprehensive evaluation, we also define three unnormal-
ized physical metrics, detailed results for which are provided in the Appendix:
(1) phys_vector mse: the element-wise MSE over the entire unnormalized
action vector, averaged across all elements; (2) phys se3 mse: the sum of the
Euclidean squared error for position and the SO(3) angular squared error for
orientation (excluding the gripper state); and (3) phys balanced mse: the
MSE calculated separately for the position, orientation, and gripper semantic
blocks, which are then averaged to ensure balanced weighting.

Sampling and Latent Action Extraction For the Atomic Robot and regression
tasks, we mainly rely on curated image pairs, which allow us to obtain latent
action representations from the LAM directly. To retain as much information as
possible, we work with the continuous latent embeddings instead of discretized
codebook indices, thereby avoiding quantization-related information loss. In con-
trast, extracting representations from video clips in the composite classification
tasks is more difficult because the source datasets differ in FPS and exhibit non-
uniform motion speeds. Simple uniform sampling generally fails to capture the
true temporal dynamics and often yields latent actions that are effectively insen-
sitive to the underlying motion. To address this, we employ the Motion-Guided
Sampler (MGSampler) [41] to select an effective sequence of frames that exhibits
sufficient dynamic variation. Latent action features are subsequently extracted
across all adjacent sampled frames to ensure the representation effectively en-
capsulates the transition dynamics.

Probing Protocol for Semantic Action Classification We uniformly sample 9
frames from each video clip (typically lasting under 5 seconds) and resize ev-
ery frame to 224 x 224. To assess the semantic expressiveness of the learned
latent actions, we employ a probe-based classification task. Following the archi-
tecture in V-JEPA [3], we use a 4-layer attentive probe as the classifier. Given
the varying latent dimensions between general vision encoders and LAMs, we
incorporate a projector to align the continuous latent actions into a uniform di-
mensional space prior to classification, thereby ensuring a fair comparison. The
probe is trained for 20 epochs using bfloat16 precision. We apply a multi-head
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optimization strategy with learning rates from 3 x 1074 to 5 x 10~3 and weight
decay values from 0.01 to 0.8, to ensure a robust evaluation across different
representation scales.

Action Ezperts for Low-level Control Regression The latent actions are derived
from image pairs separated by a frame interval of s = 5. To assess the physical
grounding of latent actions, we implement an easy MLP-based Action Experts to
regress absolute end-effector trajectories. It adopts a standard MLP with residual
connections architecture featuring 2 residual blocks and a hidden dimension of
4096. This model directly maps latent actions to an action chunk of size s (7-
DoF/12-DoF /16-DoF per chunk).

Feature-Level Latent Action Model Training To leverage the pretrained vision
encoders, we develop a family of Feature-Level Latent Action Models by sub-
stituting the visual representation from pixels to features generated by vision
encoders in the LAPA framework, while retaining its VQ-VAE structure. Dur-
ing training, the encoder weights remain frozen, and the latent action represen-
tation is learned from scratch on an internal video dataset. Detailed training
configurations are provided in the Appendix.

4.3 Benchmark Results

Do Latent Actions Capture Diverse Actions? As shown in Table [1} the aver-
age (Avg.) accuracy is computed across composite human and robot actions to
evaluate high-level semantic understanding. General vision foundation models
(e.g., V-JEPA series [3,23], DINOv3 [30], SigLIP2 [32], and Wan2.2 [33]) deliver
surprisingly strong performance, even though they do not appear to perform
any explicit motion extraction. This phenomenon demonstrates that the
visual self-supervised training with large-scale data inherently yields
general semantic action representations covering both robot and hu-
man data. In particular, V-JEPA 2.1 [23] learns directly from visual latent
features instead of pixel features (the representations commonly used in world
models), and achieves the best performance by a substantial margin. This sup-
ports the hypothesis that actions can be derived from latent features
without needing to be explicitly represented in the pixel space. In con-
trast, existing Embodied LAMs (e.g., LAPA [37], UniVLA [4] and villa-X [7])
exhibit restricted generalization on diverse actions (averaging 18.82%-23.85%),
due to the limited amount of training data or the early constraints to low-level
actions |4}/7].

We try to combine these two kinds of techniques, which extract motion using
the self-supervised method in LAPA [37] on general vision foundation models,
named as General LAMSs. The training dataset is curated from the internet
data, containing both human motions and non-human motions (e.g., car driv-
ing), which is very different from the test dataset. As shown in Table [1} the
General LAMs perform better than existing Embodied LAMs, even on capturing
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the robot action. Although sharing the same vision foundation model, LAPA-
DINOvV2 significantly outperforms UniVLA (57.41% vs. 18.82%) by leveraging
more diverse training data and imposing fewer constraints. Although the Gen-
eral LAMSs achieve relatively high accuracy on human actions, their performance
declines on robot actions due to limited data scale and diversity. We leave ad-
dressing this issue to future work.

In conclusion, vision foundation models can capture semantic action with
self-supervised learning from large-scale of internet visual data. Learning based
on latent features performances better than pixel features. More data diversity
and fewer task-specific constrains may be the key to generalization.

Do Latent Actions Encode Enough for Control? We evaluate robotic control un-
der two action formulations. (1) Absolute Regression predicts exact end-effector
poses, and (2) Delta Regression predicts relative pose changes. We report Nor-
malized MSE for both (Table [2)). Since the absolute and delta targets are nor-
malized within their own action spaces, the two formulations are not directly
comparable in raw MSE. We therefore compare models within each formulation
rather than across them.

Under Absolute Regression, semantic encoders dominate. DINOv3 [30]
and V-JEPA 2.1 [23]| attain the best average MSE (0.18 and 0.19). On each
dataset, the strongest semantic encoder leads the strongest General LAM (LAPA-
DINOvV3) by a large margin, for example 0.18 versus 0.50 on CALVIN. Latent-
based encoders also capture absolute control far better than pixel encoders such
as Wan2.2 [33] and FLUX.2-dev [16]. This indicates that per-frame semantic
features align naturally with absolute end-effector positioning.

Under Delta Regression, the separation between paradigms narrows sharply.
V-JEPA 2.1 remains the single strongest model on average (0.50). The best
General LAM, however, now trails it only slightly (0.57), a far smaller margin
than under Absolute Regression. Such behavior is consistent with the LAM con-
struction, which extracts latents from consecutive frame pairs and thus encodes
transition-like quantities.

By contrast, both Embodied LAMs (avg 0.82-0.94) and pixel encoders (avg
0.84) remain weak under Delta Regression. This indicates that neither the embodied-
specific training nor the pixel-reconstruction objective extracts relative motion
as effectively as the General-LAM paradigm.

In summary, the most effective representation depends on the action formula-
tion. For absolute spatial positioning, semantic visual features such as DINOv3
and V-JEPA 2.1 are clearly preferable. For relative increments, semantic en-
coders remain a strong default, since V-JEPA 2.1 still leads on average, but the
General-LAM paradigm closes most of the gap and becomes competitive.

What Constitutes an Effective Latent Action Model? To systematically build a
robust latent action model, we conduct ablations under the LAPA [37] frame-
work. Specifically, we focus our ablations on the absolute action space. Because
predicting absolute actions is inherently more challenging and highly sensitive to
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Table 1: Action Classification results of latent action representations. Avg.
denotes the mean accuracy across Composite Human and Composite Robot. Best re-
sults are in bold and second best are underlined.

Classification Accuracy?

Model Paradigm Params(M)
Avg. Atomic Robot Composite Human Composite Robot
V-JEPA2 |3] 303.89 75.39 79.09 80.35 70.43
V-JEPA 2.1 |23] . 304.68 76.29 84.19 81.14 71.44
Semantic Encoder
DINOv3 |30 303.13 72.63 60.79 76.19 69.06
SigLIP2 |32 92.88 68.49 52.84 70.40 66.58
Wan2.2 33| . 704.69 66.58 14.91 67.77 65.39
Pixel Encoder
FLUX.2-dev [16] 84.05 45.24 51.95 46.12 44.36
LAPA |37] 343.80 19.13 22.27 14.61 23.64
UniVLA [4] Embodied LAM 287.75 18.82 18.62 19.08 18.56
villa-X |7 238.71 23.85 15.00 17.80 29.90
LAPA-MAGVIT2 116.40 44.62 33.12 59.70 29.53
LAPA-SigLIP2 200.83 42.09 46.83 54.74 29.44
bl 1 LAM
LAPA-DINOv2 Genera 473.69 5741 58.04 55.86 58.96
LAPA-DINOv3 472.45 62.73 56.27 64.19 61.26

Table 2: Action Regression results of latent action representations Avg. is
the mean over available dataset results. Best results are in bold and second best are
underlined.

Normalized MSE|

Model Paradigm  Params(M) Abeolute Delta

AgiBotWorld 0 GALVIN VLABeneh RobocOIN &iBotWorld

Avg. CALVIN VLABench F JOIN
vg. C VLABench RoboCO! et etn

V-JEPA 2 |3 303.89 0.24 0.25 0.06 0.33 0.33 0.57 0.35 0.36 0.80 0.76
V-JEPA 2.1 [23| Semantic Encoder 304.68 0.19 0.18 0.04 0.27 0.28 0.50 0.27 0.43 0.69 0.59
DINOv3 130] ¢ 303.13 0.18 0.20 0.06 0.22 0.24 0.63 0.51 0.46 0.74 0.79
SigLIP2 32| 92.88 0.25 0.29 0.05 0.30 0.34 0.60 0.45 0.34 0.78 0.84
Wan2.2 |33] Pixel Encoder 704.69 0.31 0.38 0.09 0.36 0.40 0.84 0.86 0.59 0.98 0.94
FLUX.2-dev |16] 84.05 0.50 0.56 0.32 0.49 0.63 0.84 0.68 0.81 0.97 0.88
LAPA |37 0.96 0.94 0.90 0.99 1.00 0.94 0.79 0.98 1.03 0.95
UniVLA |4 Embodied LAM 0.87 0.82 0.73 0.97 0.97 0.82 0.60 0.82 0.99 0.88
villa-X |7| N 0.88 0.86 0.71 0.97 0.97 0.82 0.59 0.82 0.98 0.87
LAPA-MAGVIT2 116.40 0.65 0.59 0.36 0.80 0.83 0.70 0.60 0.58 0.88 0.74
LAPA-SigLIP2 General LAM 200.83 0.65 0.57 0.30 0.86 0.88 0.67 0.52 0.53 0.91 0.71
LAPA-DINOv2 S 473.69 0.64 0.55 0.27 0.88 0.84 0.60 0.43 0.52 0.87 0.58
LAPA-DINOv3 472.45 0.60 0.50 0.22 0.85 0.84 0.57 0.43 0.46 0.83 0.57

spatial-temporal precision than relative delta-actions, it serves as a more rigor-
ous testbed for evaluating representation capacity. Figure [d] maps a performance
evolution path bridging the gap between the worst baseline (LAPA) and V-
JEPA 2. First, self-supervised visual encoders (e.g., DINOv3 [30]) consistently
construct superior LAMs compared to reconstruction-based and vision-language
contrastive models like MAGVIT?2 [20] and SigLIP2 [32] (Tables[1}f2)), indicating
that contrastive priors better capture fine-grained spatial-temporal correspon-
dences. Setting LAPA-DINOv3 (cs = 8, sl = 16, dim = 32) as our foundation, we
sequentially optimize its quantization bottleneck. Second, expanding codebook
capacity improves downstream regression, but overly large sizes (e.g., 256) cause
codebook utilization drops without further gains (Table [3)), making a moderate
size (cs = 64) optimal for dense representations. Third, sequence length criti-
cally dictates temporal diversity; short sequences (sl = 16) trigger catastrophic
codebook collapse (1.6% utilization), whereas a moderate length (sl = 49) en-
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Fig. 4: Performance Evolution of Latent Action Models. The (*) denotes the
default quantization settings for LAPA-DINOv3 (cs = 8,sl = 16,dim = 32). cs, s,
and dim represent Codebook Size, Sequence Length and Latent Dimension respectively.
Composite Human classification on the left and AgiBotWorld-Beta |1| regression on the
right.

Table 3: Ablation Studies. Default settings are: Codebook Size = 64, Sequence
Length = 49, Latent Dimension = 256. Best results are in bold and second best are
underlined within each section.

0 E) E)

. Recon Codebook  Accuracy (Composite task)t MSE

Ablated Settin, s s .
€ Loss Utilization (%) Human Robot (AgiBotWorld-Beta)|

Codebook Size
8 0.00808 100.0 71.31 64.89 0.88
64 0.00751 100.0 70.15 64.04 0.83
256 0.00758 89.5 69.84 63.82 0.85
Sequence Length
16 0.00908 1.6 69.23 63.33 0.79
49 0.00751 100.0 70.15 64.04 0.83
64 0.00773 79.7 71.37 64.70 0.72
Latent Dimension
32 0.01141 3.1 60.94 57.69 0.87
64 0.00967 100.0 66.94 63.07 0.83
256 0.00751 100.0 70.15 64.04 0.83
512 0.00732 1.6 71.25 64.97 0.80
1024 0.00670 84.4 72.55 65.78 0.81

sures 100% utilization and robust generalization (Table [3)). Finally, scaling the
latent dimension improves theoretical capacity but introduces quantization in-
stability, evidenced by sudden utilization collapses at intermediate sizes (Ta-
ble|3). Thus, dim = 256 strikes the best capacity-stability balance. Ultimately,
beyond dataset quality, an effective latent action space requires two
key components: robust self-supervised visual priors to capture pre-
cise spatial-temporal dynamics, and a strictly regularized quantization
bottleneck to maintain stability and dense utilization.

5 Error Analysis

To provide deeper insights into the limitations of latent action representations,
we conduct a fine-grained error decomposition.
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Fig. 5: Action classification performance across the long-tail distribution of
the Composite Human dataset. The background histogram indicates the number
of samples per action class, sorted by descending frequency. Solid lines represent the
moving average F1 scores, while transparent scatters denote exact class-wise scores.

5.1 The Long-Tail Dilemma and Mid-Frequency Semantic Aliasing

Figure [5] illustrates action classification performance across class frequencies on
the Composite Human dataset. While the baseline LAPA [37] model exhibits
uniformly poor performance, LAPA-DINOv3 closely mirrors the continuous DI-
NOv3 [30] encoder, demonstrating a direct inheritance of both its representa-
tional strengths and specific vulnerabilities. Stronger models generally outper-
form weaker ones across most actions, suggesting that the LARYBench provides
a stable and reliable evaluation of model capabilities. As the frequency decreases,
the performance gap between strong and weak models widens, indicating that
strong models exhibit better generalization capabilities in long-tail scenarios.

5.2 Spatiotemporal Grounding and Action-Centric Attention

Figure |§| visualizes the cross-attention maps (additional heatmap visualizations
are provided in the Appendix), revealing a stark contrast in how different models
ground physical interactions. First, among general visual encoders, self-supervised
models demonstrate superior spatiotemporal grounding. Notably, V-JEPA 2 3]
exhibits the most accurate attention distribution, sharply localizing on the exact
interaction points between both the left and right hands and the manipulated
object (bowl). DINOv3 [30] similarly maintains a precise, geometry-aware fo-
cus on the active end-effector. Conversely, generative priors Flux2-dev [16] and
Wan2.2 33| exhibit highly dispersed, unfocused attention distributions, indicat-
ing an inherent bias toward global scene understanding rather than localized
physical interactions. Second, regarding LAMs versus general encoders, stan-
dard Embodied LAMs, like LAPA [37], completely fail to localize meaningful
features, producing broad, uninformative attention blobs. However, our LAPA-
DINOV2 effectively inherits the strong localization capabilities of its backbone.
Despite the severe spatial quantization bottleneck (e.g., SL = 16, producing
coarse 4 X 4 patches), it successfully anchors its attention to the active object.
Finally, within the LAM architectures, our General LAMs consistently exhibit
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Fig. 6: Cross-attention heatmaps of the temporal pooler across various mod-
els for a 9-frame pour sequence. The spatial sequence length (SL) dictates vi-
sual granularity: SL = 14 % 14 yield fine-grained 14 x 14 heatmaps, whereas LAMs
(SL € {4,16}) produce blocky 2x2 or 4 x4 attention regions. Temporally, ' = 9 models
compute frame-by-frame attention; 7' = 8 models extract pairwise latent actions (leav-
ing the 9th frame unmodified); and models with temporal compression (T € {3,4})
duplicate attention maps across their corresponding frame groups.

sharper object-centric grounding compared to other Embodied LAMs (e.g., Uni-
VLA , villa-X ), which suffer from severe attention diffusion. Ultimately,
this demonstrates that predictive failure fundamentally stems from an
inability to concentrate attention on the corresponding dynamically
interacting objects.

5.3 Stride Ablation: Latent Action Spaces Encode Robust Dynamic
Trajectories

To investigate the temporal robustness of various representations, we ablate
the sampling stride (stride=>5, 15, 30) between input frames on VLABench, as
shown in Table @] Crucially, as the stride increases, the number of actions to
regress scales linearly, significantly amplifying the dimensionality and complex-
ity of the task. Pure spatial generative encoders, such as FLUX.2-dev , excel
at extremely short horizons (achieving 0.04 MSE at stride=5) but fail catas-
trophically under this increased temporal dimensionality (MSE spiking to 0.62
at stride=30). In contrast, Latent Action Models (LAMs)—encompassing both
Embodied LAMs and our General LAMs—exhibit consistent stability across all
strides. This shared characteristic proves that the latent action paradigm does
not merely encode static spatial alignments; instead, it successfully captures and
preserves underlying dynamic action trajectories. While traditional Embodied
LAMs suffer from a high error (about 0.70 average MSE), introducing general
visual priors as in our General LAMs effectively lowers this error margin while
fully inheriting the paradigm’s temporal stability. In conclusion, although a
performance gap remains when compared to general vision encoders,
the fundamental mechanism of mapping visual observations into a la-
tent action space provides a robust representation for long-horizon
intents.
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Table 4: Ablation study on VLABench [40] sampling stride. We report the
regression MSE with sampling strides of 5, 15, and 30, and their average. Best results
are in bold and second best are underlined.

Regression MSE|

Model Paradigm Params (M)

stride=5 stride=15 stride=30 Avg.
V-JEPA 2 |3 Semantic Encoder 303.89 0.07 0.13 0.16 0.12
DINOv3 |30] ’ i 303.13 0.06 0.20 0.25 0.17
Wan2.2 |33] . 704.69 0.09 0.16 0.24 0.16

Pixel Encoder
FLUX.2-dev |16] 84.05 0.04 0.57 0.62 0.41
LAPA |37] 343.80 0.95 0.87 0.77 0.86
UniVLA [4] Embodied LAM 287.75 0.74 0.68 0.69 0.70
villa-X |7] 238.71 0.72 0.70 0.66 0.69
LAPA-MAGVIT2 116.40 0.36 0.32 0.33 0.34
LAPA-SigLIP2 200.83 0.30 0.25 0.24 0.26
sral LAM _

LAPA-DINOv2 Genera 473.69 0.26 0.23 037 029
LAPA-DINOv3 472.45 0.25 0.20 0.26 0.24

6 Conclusion

We introduce LARYBench to evaluate latent action representations across kine-
matic and semantic granularities. Our empirical results reveal that general visual
foundation models consistently outperform specialized Embodied Latent Action
Models (LAMs). Specifically, visual understanding models dominate in seman-
tic tasks, while general visual encoders surprisingly achieve superior regression
MSE without domain-specific training. This indicates that effective latent ac-
tions naturally emerge from large-scale visual pre-training, whereas specialized
Embodied LAMs often suffer from representation collapse due to data scarcity
or premature constraints to domain-specific low-level control. Consequently, we
advocate for a paradigm shift in Vision-Language-Action (VLA) design: instead
of learning action spaces from limited robotic data, future research should fo-
cus on aligning control policies with the robust feature spaces of general vision
models. Addressing architectural challenges such as continuous signal decoding
and feature alignment will be pivotal to unlocking these universal priors for
data-efficient embodied agents.
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