Learning a Unified Latent Action Space from Videos
with Action-centric Cycle Consistency
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Figure 1. Latent action visualizations. We visualize image pairs sharing identical latent action labels across multiple data sources and
embodiments. Each latent action group exhibits semantic consistency across different embodiments.

A. Notations

We provide a summary of the key notations in the full text in
the Table 1.

B. Latent Action Visualizations

To intuitively illustrate the latent actions from our approach,
we visualize image pairs sharing identical latent action la-
bels across multiple data sources and embodiments. The
results, shown in Figure 1, demonstrate that our method
learns consistent latent action representations across diverse
datasets and embodiments, thereby enabling effective policy
pretraining on video datasets.

C. Implementation Details

Following UniVLA [1], our training data comprises three
primary categories: robotic manipulation data, navigation
data, and human video data. For robotic manipulation, we in-
corporate a subset from the Open X-Embodiment dataset [2],
specifically targeting single-arm end-effector control tasks.
The navigation data consists of a subset from the GNM
dataset [3], encompassing both indoor and off-road scenar-
ios captured via an ego-view fisheye camera. The human
video data are sourced from the Ego4D dataset [4], which
provides ego-centric recordings of daily human activities
from a first-person perspective. The detailed dataset com-
position and corresponding mixture weights are presented

in Table 2.

For latent action learning with AC3. The encoder uti-
lizes a pre-trained ViT-base DINOv2 model to extract image
embeddings, which are subsequently processed through a
12-layer spatial-temporal transformer with 768-dimensional
hidden states. The resulting latent action embeddings are
discretized via vector quantization using a codebook of size
16. Both the decoder and discriminator employ spatial trans-
formers with identical architectural specifications: 12 layers
and 768 dimensions. The latent action buffer is constructed
by accumulating the encoded latent actions from the previ-
ous 4 batches. The latent action tokenizer is optimized using
the AdamW optimizer, with a learning rate of le — 4 and
weight decay of le — 2.

For latent action pretraining on the full dataset, we em-
ploy a global batch size of 512 with 32 samples per GPU
and apply a constant learning rate of 1e — 5 for 50, 000 opti-
mization steps. For pretraining on the Bridge datasets, we
utilize a global batch size of 256 distributed across 8 GPUs
with a learning rate of 2e — 5 for 30, 000 optimization steps.

During pretraining, we exclude actions and propriocep-
tive states from the robot datasets, utilizing only visual
frames and textual instructions from each episode. We jointly
optimize all components of our generalist policy end-to-end,
including the visual encoders, the large language model
(LLM) backbone, and the token prediction head.



Table 1. Notation Table

Notation| Description

Frame and Observation Variables

ot Current observation/frame at time ¢

Ot+H Future observation/frame at time ¢t + H

Ot+H Reconstructed future frame

Oc video frame from dataset (for cycle consistency)
Og Generated frame from o. (for cycle consistency)

Latent Action Representations

e Encoded latent action embedding at time ¢ (before
t quantization)

27 Quantized latent action at time ¢

zd Sampled latent action from latent action buffer

22 Predicted sampled latent action

3¢ Latent action embedding of 2¢ (before quantization)

zZ Latent action buffer

Codebook and Quantization

ek k-th codebook vector

Yk One-hot target vector for codebook index
d(-,-) Distance metric for codebook matching
Model Components

& Encoder network

D Decoder network

v Discriminator network

T Policy model with parameters ¢

Action Tokens and Policy

zq< i Prefix of latent action tokens (tokens before index 7)
27 Predicted latent action token at position %

N Total length of action token sequence

LACT_k | Specialized vocabulary token for k-th latent action
ACT Action query tokens for robot action prediction

Loss Functions

Lc Cycle consistency loss

LE N Adversarial loss for discriminator
£€AN Adversarial loss for decoder

Lr Latent action pre-training loss

D. Discussions

Spatial information. While our CycleMimic exhibits
promising performance, the latent actions are derived
from 2D image sequences, thereby lacking explicit three-
dimensional spatial information that could be crucial for
complex manipulation tasks. This limitation opens several
promising avenues for future work. One direction involves
integrating depth estimation foundation models [32, 33] to
provide geometric priors during action encoding. Alterna-
tively, end-to-end visual geometry grounded transformers
[34] could be incorporated to directly embed spatial geo-
metric cues within the learned latent action representations,
potentially enabling more spatially-aware action predictions.

Training data. Our current training paradigm, consis-

Table 2. We utilize the training data mixture from UniVLA [1],
covering datasets from the OXE [2], GNM [3] and Ego4D [4].

Training Dataset Mixture

Fractal [5] 13.9%
Kuka [6] 6.3%
Bridge [7] 6.8%
Taco Play [8] 3.5%
Jaco Play [9] 0.6%
Berkeley Cable Routing [10] 0.3%
Roboturk [11] 2.8%
Viola [12] 1.1%
Berkeley Autolab URS [13] 1.4%
Toto [14] 2.4%
Language Table [15] 5.2%
Stanford Hydra Dataset [16] 5.3%
Austin Buds Dataset [17] 0.3%
NYU Franka Play Dataset [ 18] 1.0%
Furniture Bench Dataset [19] 2.9%
UCSD Kitchen Dataset [20] <0.1%
Austin Sailor Dataset [21] 2.6%
Austin Sirius Dataset [22] 2.0%
DLR EDAN Shared Control [23] 0.1%
IAMLab CMU Pickup Insert [24] 1.1%
UTAustin Mutex [25] 2.6%
Berkeley Fanuc Manipulation [26] 0.9%
CMU Stretch [27] 0.2%
BC-Z [28] 8.8%
FMB Dataset [29] 8.4%
DobbE [30] 1.7%
RECON [31] 8.9%
CoryHall [31] 2.3%
SACSoN [31] 3.5%
Ego4D [31] \ 3.0%

tent with prior work, relies primarily on robot manipulation
datasets across different embodiments. However, the avail-
ability of large-scale human demonstration datasets presents
a compelling opportunity to enhance the generalization ca-
pability of latent action tokenizers. By training on human
activities, the model could learn to generate latent action
annotations for the vast repository of human activity videos
available on the internet. This would represent a step to-
ward bridging the gap between internet-scale video data and
embodied Al training, potentially unlocking more diverse
behavioral data for policy learning.
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