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Abstract

Learning representations of visual transitions between consecutive frames in video
enables robots to learn from both robot and human demonstrations. These represen-
tations, referred to as latent actions, capture the inherent state transition. However,
continuously changing viewpoints in human videos introduce the ambiguity that
hinders consistent modeling of latent actions. To address this issue, we propose
ViewPoint-Invariant Latent Action, or ViPILA, a representation of visual transi-
tions that is robust to the viewpoint variation from human videos without action
labels and camera calibrations. Building on a theoretical analysis of viewpoint-
invariance, we introduce a novel training objective that enforces consistency in
latent actions across different viewpoints of the same state. The key idea is to
enforce that a latent action inferred from one viewpoint can be used to reconstruct
the observation from a different viewpoint, as long as the underlying state remains
the same. We empirically demonstrate that the resulting viewpoint-invariant latent
actions improve downstream manipulation policy learning in LIBERO simulation.

1 Introduction

Learning from videos (LfV) has emerged as a promising direction to scale robot learning without
requiring costly, embodiment-specific datasets[1]]. By leveraging large-scale human demonstration
videos, LfV enables learning generalizable priors about behaviors and physical dynamics across
diverse tasks and environments. However, applying human video demonstrations to robot learning
faces fundamental challenges: the lack of explicit low-level action labels and the distributional shift
introduced by changes in embodiment and viewpoint [1} 2]].

Recent works [3] 14, 15, 6] have proposed modeling latent actions, compact representations that
capture how visual observations change over time due to an agent’s behavior, allow the policy to
acquire manipulation skills from human video demonstration. It implies that learning latent actions
enables policy to transfer across embodiments. However, viewpoint variation remains a major hurdle
for learning from human videos and hinders learning latent actions, interrupting the network to
understand of true dynamics [4}15]. In particular, viewpoint changes in human videos not only cause
the distribution shift but introduce ambiguity when interpreting the source of visual changes. A
change in pixel values arises either from the agent’s action or from a shift in viewpoint. We suppose
that this uncertainty makes it difficult to disentangle action-induced dynamics from viewpoint-induced
artifacts.

To address this, we propose an unsupervised learning framework that learns ViewPoint-Invariant
Latent Action (ViPILA). Instead of enforcing the latent action to merely encode the pixel transitions
between frames, ViPILA explicitly encourages the learned latent actions in the same state transition
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Figure 1: When learning latent actions from observation transitions, the data comprise both state
transitions, which the latent action should encode, and viewpoint variation which it should not. A
naive pixel-reconstruction objective that models the observation transitions lacks a mechanism to
distinguish these transitions. To exclude the influence of viewpoint changes during latent action
learning, ViPILA encodes latent actions that are consistent across multiple viewpoints, thereby
promoting viewpoint invariance.

to remain consistent under different camera viewpoints. The requirement for the consistency of
latent actions across the viewpoints leads the dynamics model to focus on the underlying physical
transitions rather than viewpoint-specific pixel changes. Our experiments show that it enables the
model to predict the frame transition consistently, even under significant variations in the camera
viewpoint.

We model a latent action learning framework theoretically and define the viewpoint-invariance in
this framework. Also, we validate the viewpoint-invariance in terms of preventing spurious action, a
counterfeit action that appears to induce a transition in the pixel space but corresponds to a different
transition, or no valid transition, in the underlying physical state space. We found that spurious
action is introduced since we cannot recover or estimate the inherent state from the pixel space, and
the viewpoint-invariance can mitigate it. Based on this framework, we propose a novel training
objective that makes latent action viewpoint-invariant. On top of this theoretical background, we
empirically demonstrate the effectiveness of our framework. With the robot video dataset (without
accessing action labels or camera extrinsics) and human video dataset, we demonstrate that the
proposed framework induces the trained a latent action model to be viewpoint-invariant, which cannot
be acquired from naive multi-viewpoint training. In addition, to confirm the effectiveness of our
framework in downstream tasks, we train latent action conditioned policy in a simulation benchmark.
Our experiments demonstrate that viewpoint-invariant latent actions allow the policy to maintain
robust performance even though the latent action is extracted from an unseen viewpoint in policy
training. We summarize our main contributions as follows:

* We formulate the notion of viewpoint-invariant latent action and derive its theoretical
properties under an inverse dynamics framework.

* We show that ViPILA can be learned from two independent single-view datasets with-
out explicit synchronization in trajectories. This offers the potential to train ViPILA in
heterogeneous manipulation videos, enabling dataset scaling.

* The policy conditioned on ViPILA outperforms the baseline when latent actions are inferred
from viewpoints different from those used during training.

2 Related Works

Latent Action Learning from Video. Recent progress in video-based robot learning has explored
how to extract meaningful representations from large-scale human demonstration videos to support
downstream tasks. Some works aim to learn visual priors such as human poses [7], object affordances
[8, 9], or trajectory information [[10} [11]. Another line of work focuses on learning latent actions,
abstraction of temporal transition in video, in an unsupervised manner by modeling visual transitions
across video frames [3, 4} 15, 16, [12, [13]. These methods typically encode differences between
consecutive frames to model temporal dynamics without access to action labels. Various works
show that latent actions extracted from the large corpus of video are effective for cross-embodiment
control. For instance, LAPA [3]], UniVLA[3], and ViLLA[6] proposed the framework for learning an
embodiment-agnostic vision-language-action (VLA) model by training a discrete codebook of latent



actions. In addition, UniSkill[4] shows that such representations can serve as cross-embodiment skill
abstractions and effectively improve skill-conditioned policy.

While these works demonstrate that latent actions can serve as intermediate cross-embodiment
representations, they do not examine how viewpoint variation in videos influences the construction of
latent actions. In contrast, we investigate the impact of viewpoint changes on latent action learning
and introduce ViPILA based on this insight.

Learning Viewpoint-Invariance from Human Video. In the realm of computer vision, learning
viewpoint-invariant representations from human videos is widely studied[14, [15} [16]. Recently,
Viewpoint Rosetta Stone [[17] proposes a soft alignment between two independent single-view videos
to learn viewpoint-invariant representations, opening potential to learn viewpoint invariance at scale.

In robot learning, the viewpoints in open-source robot datasets are highly limited[18]], which motivates
leveraging human manipulation videos to learn viewpoint-invariant representations. R3M[19]] uses
diverse human manipulation videos which feature a wide range of viewpoints, to train a universal
visual encoder for robotic manipulation. Due to the diverse viewpoints present in human videos, the
model demonstrates improved generalization across unseen viewpoints.

Viewpoint-Invariant Representation in Robot Learning. When using images as observations of
the policy, viewpoint variation in the camera is one of the main bottlenecks of the generalizability
of trained policy[20} 21} 22]. To attain a policy generalizable to the viewpoint variation, one line of
work leverages 3D-aware representation extracted from the scene, using point clouds[23} 20, 24], or
Neural Radiance Fields (NeRFs)[25,26]. Another line of work injects the 3D inductive bias through
a novel view synthesis model via data augmentation[21} 22]. In addition, viewpoint-robust policies
are studied in the field of a world model[27]]. For example, ReViWo [28]] introduces a world model
that disentangles viewpoint-dependent and viewpoint-independent features via contrastive learning.
MV-MWM[29] uses viewpoint randomization to encourage viewpoint-invariance.

These methods, however, primarily focus on learning viewpoint-invariant state or observation features.
In contrast, our work aims to achieve viewpoint-invariance at the latent action level. Enforcing
viewpoint-invariance at the latent action level is particularly important for enabling policy transfer
across embodiments. Furthermore, many of these approaches require camera extrinsic annotations
or images of the same scene captured from multiple viewpoints, which is impractical to collect at
scale in the real-world. In contrast, our method relies on neither explicit viewpoint annotations nor
exhaustive multi-view coverage. Instead, it can synthesize training pairs from unpaired single-view
samples, substantially reducing data collection cost. To our knowledge, our method is the first to
enforce viewpoint-invariance directly in the latent action space without expensive annotations.

3 Method

In this section, we provide the theoretical framework for ViPILA learning. We first formulate the
latent action learning setup in LfV and show how ViPILA can be beneficial when learning from
large-scale human video datasets by mitigating spurious actions. Finally, we propose a simple
framework that enforces viewpoint-invariance in dynamics learning. Extended theoretical analysis
and proofs are provided in Appendix[A.

3.1 Problem Formulation

Consider a state space S and an action space A. Let the forward dynamics f : S x A — S map the
current state s; € S and action a; € A to the next state s;11 € S:

St+1 = f(St, at) (H

In general, the true state s, is not directly observable in various scenarios, including human videos.
Such partial observability often results from the loss of depth information in monocular video and
occlusions or improper camera angles that prevent complete capture of the manipulator and other
task-relevant entities. Instead, we only observe a sequence of images rendering the state over time.
Suppose we have a collection of the viewpoints 7 in demonstrations. Given a viewpoint T" € T, we
define a sensor model h : 7 x & — O that maps the underlying state s to the observed image o:

o= hr(s) (2)
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Figure 2: Architecture of ViPILA learning. Given observation transitions (o, 0;11) from egocentric
and exocentric viewpoints, observation inverse dynamics Fy(o¢, 0¢+1) encode the latent action z;
from each viewpoint (left). Then, observation forward dynamics Dy (o, 2;) reconstructs the next
observation o441 from the current observation o, and either latent action from egocentric view or
exocentric view (right).

Note that h7 is generally a non-injective function over the state space S.

We can also define the forward dynamics in the observation space O. Given an observation o; and
action ay, the observation forward dynamics D : O x A — O maps to the next observation:

o111 = D(0¢,az) (3)

To explicitly model viewpoint changes by the agent’s behavior, we define the viewpoint dynamics
®: T x A— T, which describes how the viewpoint T; € T changes to T;11 € T in response to
action a;:

Ti1 = ‘I)(Tmat) (4)
For instance, if 7} = ®(T}, a¢) for VI € T,Va; € A, it describes the static camera. Note that, in
general, the viewpoint T} is also unknown like the state s,. Then, we can define a viewpoint trajectory

mr = (Ty, a0, 11,01, .. ,ag—1,TrH), where Ty11 = ®(T},as) for 0 < ¢t < H. Consider another
trajectory 77, which follows a different viewpoint dynamics ®’ but shares the same action sequence:
mrr = (Ty, a0, 11, a1, - . - ,ag—1, Tpy) (%)

where T}, | = ®'(T}, a;). We refer to 77+ as the paired trajectory of Tr. Based on this, we define the
set of paired viewpoints Pr, as the set of all viewpoints that can be reached at timestep ¢ by replaying
the same action sequence from Tj to 7 under &', starting from an arbitrary initial viewpoint 7§ € T

Pr, = {Tt’ € T‘HT(; €T st Ty = (Ty,ar) for0 < k < t} (6)

3.2 Theoretical Analysis of Viewpoint-Invariance & Spurious Actions

Define the inverse dynamics g : S x § — A as:

g(st,8t41) = {at € A‘f(st,at) = 5t+1} 7

Similarly, define the observation inverse dynamics E : O x O — A as:

E(Ot,0t+1) = {at cA

D(o¢,a¢) = om} 8)

Note that the observation inverse dynamics E depends not only on the underlying state s; but on
the viewpoint T; from which the observation is rendered. For simplicity, we refer to the observation



inverse dynamics model E as the inverse dynamics model (IDM). Then, we define viewpoint-
invariance of the observation inverse dynamics E as follows:

Definition 3.1. The observation inverse dynamics E is said to be viewpoint-invariant on V C T if
E(hr,(st), hyyy (5141)) = E(hry (se), by, (Se41)) ©)
holds for all sy, s; 1 € S, Ty, Tyy1 € V, T] € Pp,, and T] | € Pr,,,.

Thus, if an action changes both state and viewpoint, the observation inverse dynamics £ must assign
it consistently across the viewpoints.

Proposition 3.2. For any sy, s¢41 € SandanyT; € T,
as € g(st,5t41) = ar € E(ht,(8¢), hao(r,,0,)(5141)) (10)

Proposition 3.2 shows that any action which is valid in the true state space is also considered valid by
the observation inverse dynamics E. However, since the converse does not generally hold, E' may
overestimate the set of valid actions—it can include the actions that appear plausible in observation
space but do not correspond to actual state transitions. We define such action by spurious action.
This overestimation arises from the non-injective nature of the sensor model i, which can map
different states to the same visual observations, introducing ambiguity in interpreting pixel changes.
This uncertainty is similar to the perceptual aliasing problem in POMDPs[30].

From this consideration, we introduce the notion of non-spuriousness, which ensures that any action
predicted by FE is truly valid in the underlying state space.

Definition 3.3. The observation inverse dynamics E is said to be non-spurious on V C T if and only
if

ar € E(hr,(s), b1y (Se41)) = ar € g(st, 5141) (11)
holds for all sy, s¢41 € S and Ty, Ty 1 € V.

While the non-spuriousness is desirable, directly enforcing it is intractable without access to true
states or viewpoints. Instead, we show that enforcing viewpoint-invariance on E suffices for non-
spuriousness. The following theorem formalizes this connection.

Theorem 3.4. Let C be defined as:
C= {T IS T’HTl,Tg, <, T, € Prs.t. (hp,,---,hr,) is jointly-injective in S}

If the observation inverse dynamics E is viewpoint-invariant on T, then it is non-spurious on C.

Theorem [3.4]formalizes how viewpoint-invariance helps eliminate spurious actions. The key idea is
that given the state transition if there exists at least one viewpoint that can clearly distinguish this
transition through the camera, then the observation inverse dynamics F, estimating the action in
that view, rejects actions that lead to incorrect transitions. In other words, the model should contain
non-spurious action from that viewpoint.

Now, if E' is viewpoint-invariant, the same action prediction must hold across all viewpoints. There-
fore, any action that is invalid from a certain viewpoint must also be rejected in all other viewpoints.
This means that enforcing viewpoint-invariance enables E to filter its predictions to actions that truly
induce a given state transition, even for viewpoints that cannot themselves distinguish that transition.

3.3 Viewpoint-Invariance Latent Action Learning

We now present an unsupervised learning framework for training viewpoint-invariant observa-
tion inverse dynamics in practice. We use a paired dataset DP¥™d consisting of trajectories
Taired = { (05, 05°) L, €}, where 0;*° and of* are time-synchronized egocentric and exocen-
tric observations, and / is a language embedding describing the action in the trajectory. Note that the
language ¢ could be obtainable reliably by automatic speech recognition (ASR) or video captioning
models[31}32]. We also consider unpaired datasets: D" and D" containing trajectories of
the form Tego = {(Oig()’ @){ih eego} and Texo = {(Q’ 0?0)51:1; Eexo}a respectively.

Let Dy and Ejy be the observation forward and inverse dynamics models, parameterized by 6. For
samples from D™ and a metric d : © x O — R, we define the unsupervised loss Lpaired as:
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If Lpaired = 0, then the inverse dynamics model £y becomes the viewpoint-invariant for the viewpoints

of 0;%° and 0$*°. We provide theoretical justification for this loss function in Appendix B} We call the
first two terms in Lpaireq the self-viewpoint terms, and the latter two terms the cross-viewpoint terms.

To leverage unpaired data, we adopt pseudo-pairing between D" and D" yging soft align-
ment inspired by [17]. Let |D*°| < |D*°|. Using a pretrained video encoder Z( - ) and a cosine
similarity function sim(-, -), we pair each exocentric observation sequence Texo ~ DM with its
most similar egocentric observation sequence Tego:

Tego = argmax sim ([Z(Texo); Lexo)s [Z(Tego); Lego)) (12)

Tego ~sDego-only

Then, for egocentric trajectory 7ego = {(67%°, @)fL,, lego} that has the highest cosine similarity to
the Texo, we form a dataset DPsetdoPaired with the trajectory Tpseudo-paired = { (07 > 05 )11, Lexos Lego }
and apply the same loss Lpaireq, Weighted by the similarity score between language descriptions:

Epseudo—pair(e) = Sim(gexmzego) X ﬁpaired(e) (13)

Since the narrations in paired dataset DP%™¢ with same trajectory is identical across the viewpoint
(logo = Lexo)s SIM(Lego, Lexo) = 1. Thus, we can rewrite the objective, including both paired and
pseudo-paired dataset as follows:

ﬁw—vi(a) = Sim(&:gov Eexo) X »Cpaired(g) (14)

for paired trajectory Tpairea and pseudo-paired trajectory Tpseudo-paired- We define the Ly,.y; as weighted
viewpoint-invariance loss.

3.4 Implementation

To implement Fyp we use ResNet[33]] and several ST-transformer layers[34]. For Dy, we use a U-Net
with diffusion objective, following the off-the-shelf image-editing model[35]. We replace d in Lpgired
with the noise prediction loss as follows:

d(0t41, Dg(0¢,at)) == Eruniform{1,....K},e~N(0,1) [”f - 69(5§-T+)17 7|0y, at)HQ} (15)
where 6%1)1 forward-noised target at diffusion timestep T € [1, K]. We implement Dy by denoising
Gaussian noise with €y. The overall architecture of ViPILA is summarized in Figure

With the trained observation inverse dynamics model Ejy, we can train the policy 74 conditioned on
the latent action extracted from Ejy. Given observations o, 01 sampled from the robot manipulation
demonstration Diqpor, the inverse dynamics model extracts the latent action representation ztA =
Ey(oy, 0t+1)E] Then, the behavior cloning policy 7, is trained by maximizing log-likelihood on the
dataset D;opor:

¢* = arginax E(Otaat;0t+1)NDrobol [log 7T¢(at|0tv ZZL‘)} ) ZiA - EG(OI‘J 0t+1) (16)
¢

2We rewrite latent action to z7* for clarity.



4 Experiments

We empirically validate ViPILA and evaluate its effectiveness in robot manipulation through sim-
ulation benchmarks. We aim to address the following research questions: (1) Can the proposed
framework successfully induce viewpoint-invariant observation inverse dynamics model E? (2) Is
a pseudo-paired dataset advantageous for promoting viewpoint-invariance in E? (3) Do ViPILA
improve policy performance, especially when the viewpoint extracting latent action differs from that
used during training?

4.1 Experiment Setup

Datasets. Table [[ summarizes the datasets for latent
action learning. Paired data come from LIBERO [36]
and H20 [37]], while unpaired data are from BridgeData
V2 [38]] (exo-only robots) and Something-Something
V2 [39] (ego-only humans). To balance scales (220K
vs. 60K trajectories), we match each BridgeData V2
trajectory with the most similar egocentric video from
Something-Something V2.

Table 1: Summary of datasets.

Paired Unpaired

Robot  LIBERO BridgeData V2
Human H20 Something-Something V2

Baselines. We compare the observation inverse dynamics model trained with Ly,.; (VIPILA) against
two variants: (SELF-VIEW) trained only with the self-viewpoint term to assess the role of cross-
view consistency, and (PAIR-ONLY) trained without pseudo-paired data to examine its impact. We
further evaluate the learned latent actions in downstream manipulation by training diffusion policies
conditioned on the latent actions from SELF-VIEW and VIPILA.

Evaluation. We use small validation splits for dynamics evaluation and assess policies on three
unseen LIBERO [36]] pick-and-place tasks. To test robustness to viewpoint shifts, we train policies
using latent actions from an exocentric viewpoint and evaluate with either egocentric or exocentric
prompts at inference. During inference, a small subset of demonstrations is used as prompts, and
at each timestep the policy receives the current observation o, and a latent action from the inverse
dynamics model with the target o;1 samplied eight framed ahead. (See Appendix|D.)

4.2 Experiment Results

Does the Inverse Dynamics Model Learn Viewpoint-Invariant Latent Actions?

Table 2: Comparison of average PSNR (dB), pixel MSE of latent actions under two models: VIPILA
vs SELF-VIEW. Format: (viewpoint of latent action extraction) — (viewpoint of rendering).

Metrics Ego — Ego Exo — Ego Exo— Exo Ego— Exo
PSNR 1
VIPILA 14.72 14.71 19.36 19.31
SELF-VIEW 14.45 13.51 19.89 17.01
MSE |
VIPILA 0.042 0.042 0.014 0.014
SELF-VIEW 0.053 0.059 0.012 0.031

Table [2 presents a quantitative comparison between VIPILA and SELF-VIEW on the validation
dataset. VIPILA consistently outperforms its counterpart in cross-viewpoint settings (e.g., Ego
— Exo and Exo — Ego), achieving higher PSNR and lower MSE. We provide the details of the
dynamics learning in Appendix [C]

Furthermore, VIPIL A maintains stable performance across both self- and cross-view predictions,
whereas SELF-VIEW degrades notably under viewpoint shifts. This indicates that self-veiw training
alone is insufficient to induce viewpoint-invariance even with multi-view images. In contrast, the
explicit viewpoint-invariance constraint in VIPIL A enables the model to generalize across viewpoints,
mitigating overfitting to specific camera viewpoints. Interestingly, VIPILA also surpasses SELF-
VIEW in the (Ego — Ego) setting, suggesting that viewpoint-invariance benefits even nominal
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Figure 3: Samples of dynamics prediction results. self refers to the prediction in the same viewpoint,
while cross refers to the prediction in a different viewpoint.

self-view predictions. Specifically, egocentric observations often experience continuous variation due
to the camera motion, and learning a viewpoint-invariant representation allows the model to better
capture the underlying dynamics despite these shifts.

Figure [3]shows qualitative samples of the dynamics model on the LIBERO dataset. Each column
present (i) the self-viewpoint prediction, (ii) the cross-viewpoint prediction, and (iii) the ground truth.
While minor spatial misalignments appear in the cross-viewpoint predictions, the overall scene layout,
object identities, and motion trends are preserved, demonstrating successful transfers of latent actions
across viewpoints.
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Figure 4: Comparison of cosine similarity. (Left): evaluated on the whole validation set. (Right):
evaluated on the paired dataset included in the validation set, excluding the pseudo-paired dataset.

We further compute the cosine similarity between latent actions extracted from egocentric and
exocentric views for the same state. As a baseline, we also evaluate the cosine similarity of latent
actions from UNISKILL[4] in same the manner. As the FigureEl (left) demonstrates, VIPILA yields



higher cosine similarity than baselines, indicating that the latent representations are aligned across
viewpoints. We provide additional analysis of dynamics learning in Appendix [C.3.

Is Pseudo-paired Dataset Beneficial to the Inverse Dynamics Model? To investigate the impact of
the pseudo-paired dataset, we compare the cosine similarity of latent actions from the models trained
with and without the pseudo-paired dataset. Figure [ (right) demonstrates that VIPILA achieves a
significantly higher cosine similarity (0.792) than PAIR-ONLY (0.680). This improvement demon-
strates that pseudo-pairing effectively regularizes the inverse dynamics model, promoting consistent
latent action across viewpoints and reinforcing viewpoint-invariance in the learned representation.
See Appendix [C.3 for the next observation prediction result.

Are Viewpoint-Invariant Latent Actions Advantageous to the Robot Learning? Table[3 shows
the results of the policy training. We present both the AUC (area under the success rate curve) and the
success rate, where the success rate is formatted as (maximum success rate)/(average success rate of
last 4 checkpoints). The policy conditioned on VIPILA performs comparably to SELF-VIEW when
the prompt and training viewpoint align. However, when they differ, the policy with VIPILA attains
promising performance, whereas the policy with SELF-VIEW fails to complete any of the evaluation
tasks. This improvement results from the consistent representation VIPILA provides to the policy,
enabling the policy to leverage the learned knowledge regardless of changes in prompt viewpoint. In
contrast, SELF-VIEW produces viewpoint-dependent latent actions, hindering the reuse of learned
behaviors at inference. This results demonstrate the effectiveness of VIPILA for viewpoint transfer
in robot manipulation.

Table 3: AUC and average success rate on three LIBERO pick-and-place tasks. Exo and Ego indicate
the viewpoint from which the prompt is provided.

IDM Task 1 Task 2 Task 3 Ave.
Exo Ego Exo Ego Exo Ego Exo Ego
VIPILA
AUCT 0.72 0.46 0.63 0.15 0.76 0.41 0.70 0.34
Succ. Ratet 1.00/1.00 1.00/0.67 1.00/0.75 1.00/0.25 1.00/0.83 0.67/0.33 1.00/0.86 0.89/0.42
SELF-VIEW
AUCT 0.76 0.00 0.59 0.00 0.65 0.00 0.67 0.00

Succ. Ratet  1.00/0.92  0.00/0.00 1.00/0.83 0.00/0.00 1.00/0.67 0.00/0.00  1.0/0.81  0.00/0.00

5 Conclusion and Future Works

We present an unsupervised learning framework for learning ViPILA. First, we formalize the latent
action learning setup and establish the rationale for viewpoint-invariant latent actions in terms of
spurious actions. Then, we propose a weighted viewpoint-invariance loss which is theoretically
grounded but widely applicable. We empirically show that our loss function enforces the learned latent
actions to remain consistent across different viewpoints for the same underlying state. Furthermore,
we find that incorporating an unpaired dataset with a similarity-based pseudo-pairing mechanism
improves the alignment of latent actions. In addition, we demonstrate the effectiveness of the ViPILA
by conditioning the diffusion-based policy in simulation.

Limitations and future works. While our framework is applicable in principle to real-world
scenarios, the current study evaluates its effectiveness only in the simulation. Applying ViPILA to
real robot systems remains an important direction for future work. Additionally, we use fixed and
heuristic frame intervals to extract latent actions. Leveraging an adaptive interval could improve the
expressiveness and temporal alignment of latent actions. Lastly, prior work has demonstrated the
utility of discretized latent actions in VLA models. Exploring ViPILA in the discrete setting is a
promising avenue for future research.
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