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ABSTRACT

Vision-Language-Action (VLA) models have emerged as a prominent framework
for complex robotic manipulation, building on the strong semantic understanding
of pretrained Vision–Language Models (VLMs). However, such VLM backbones
offer insufficient physical dynamics priors, which limits the generalization capa-
bilities of robot policies. Recent efforts therefore integrate video-generation World
Models (WMs) into robot policies through various strategies, using predictive dy-
namics to facilitate action generation. Despite these advances, harnessing seman-
tic understanding and dynamics prediction as complementary guidance for action
generation remains challenging. In this paper, we introduce ACT3, a simple yet
effective Action-Centric Tri-Stream Transformer that fuses semantic and dynam-
ics information into control actions while preserving the distinct roles of context
streams. Specifically, ACT3 enables the dedicated action expert to access VLM
and WM representations through layerwise attention, with each backbone attend-
ing only within its own stream. This straightforward interaction design maintains
independent forward propagation in the context streams while allowing both back-
bones to be updated through control supervision. Experiments on both simulated
and real-world robotic manipulation benchmarks show that the proposed ACT3

yields results superior to its counterparts.

1 INTRODUCTION

Vision-Language-Action (VLA) models have become an established paradigm for end-to-end
robotic manipulation, as exemplified by the powerful π-series models (Physical Intelligence et al.,
2025b), which generate executable actions directly from visual observations and language instruc-
tions (Brohan et al., 2023; Kim et al., 2024; Black et al., 2024). Their capabilities build on pre-
trained Vision-Language Models (VLMs), drawing on the broad semantic understanding acquired
from large-scale multimodal data (Beyer et al., 2024; Bai et al., 2025). The VLM-centric archi-
tecture uses an action expert to generate actions conditioned on semantic representations from the
VLM backbone (Black et al., 2024; Physical Intelligence et al., 2025b; Ma et al., 2026b). However,
vision-language pretraining primarily emphasizes semantic understanding, providing limited physi-
cal dynamics priors for anticipating how the environment will evolve during interaction (Chow et al.,
2025; Wang et al., 2026a). This limitation can hinder policy generalization in robotic manipulation,
as effective robotic manipulation requires both understanding task semantics and accounting for the
physical consequences of actions (Hu et al., 2024; Wu et al., 2024; Shen et al., 2026).

To equip robot policies with richer physical dynamics priors, recent works have explored pretrained
video-generation World Models (WMs) as policy backbones, giving rise to World Action Mod-
els (WAMs) (Cheang et al., 2024; Kim et al., 2026; Ye et al., 2026). The WM-centric architecture
uses a video-generation backbone to support both future-frame prediction and action generation,
allowing control to benefit from dynamics priors learned from large-scale video data (Shen et al.,
2026; Ma et al., 2026b). However, directly replacing the VLM backbone with a WM may strengthen
dynamics prediction at the expense of semantic understanding. While this substitution can improve
the prediction of local state transitions, it does not necessarily preserve the task-level semantic rea-
soning needed to coordinate actions toward global task objectives in robotic manipulation.
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Figure 1: Architectural comparison of different multi-stream methods. S , A , and D denote the
semantic, action, and dynamics streams, respectively. “−→” denotes direct cross-stream attention,
whereas “99K” denotes conditioning on upstream features. Grey boxes containing “←→” indicate
cross-stream dependencies among the grouped streams, while the exact attention direction varies
across methods. Pretrained backbones indicate which context streams are initialized from pretrained
foundation models. Layerwise attention indicates direct cross-stream interaction at multiple trans-
former layers, rather than using upstream features only as conditioning inputs. Independent contexts
indicates that neither context stream (i.e., S or D ) reads from other streams during forward com-
putation. Joint S-D tuning indicates that both context streams are updated during downstream policy
training. ∗Motus adds a semantic expert to joint D-A attention; DUST conditions D-A denoising on
frozen VLM features, while STARRY uses a trainable semantic expert.

Recent methods further combine semantic understanding and dynamics prediction within a shared
backbone (Zhang et al., 2025; Zhao et al., 2025; Cen et al., 2025; Wang et al., 2026b; Chen et al.,
2026) or specialized multi-stream architectures (Lv et al., 2025; Liu et al., 2025; Won et al., 2026; Bi
et al., 2026; Cai et al., 2026; Hu et al., 2026; Tian et al., 2026; Zhang et al., 2026a). As summarized
in Fig. 1, these multi-stream designs differ in how semantic and dynamics information reaches the
action expert. However, these designs often introduce cross-stream dependencies beyond the action
pathway, coupling semantic and dynamics representations before or alongside action generation.
Such additional coupling is not necessarily beneficial for control, motivating a simpler alternative
that integrates both sources of information directly through the action expert.

In this paper, we introduce ACT3, a simple yet effective Action-Centric Tri-Stream Transformer. The
proposed ACT3 adopts a Mixture-of-Transformers (MoT) architecture, in which the VLM provides
semantic understanding context for global task objectives, the WM provides predictive dynamics
context for local state transitions, and the action expert serves as their sole integration point for
control via action-centric cross-stream attention. Technically, each context backbone attends only
within its own stream, while action queries access both context streams through layerwise attention.
This allows each backbone to build on its pretrained modeling capabilities without incorporating
representations from the other context stream, with the aim of reducing potential interference in-
duced by cross-stream conditioning. The action expert, in turn, learns how to weight and combine
semantic and dynamics information as its action representation evolves. We jointly optimize dynam-
ics prediction and action generation, with action supervision also updating both context backbones
through these attention connections. This simple organization makes both the context representa-
tions and their integration learnable under the control objective, bringing global task semantics and
local state dynamics together through action generation.

To sum up, our main contribution is therefore a dedicated Action-Centric Tri-Stream Transformer.
At its core, ACT3 learns to integrate semantic understanding and predictive dynamics as comple-
mentary guidance for action generation through layerwise action queries, preserving independent
context computation while enabling joint optimization for control. Notably, the proposed ACT3 al-
lows us to directly reuse the strong pretrained π0.5 model and augment it with a pretrained Cosmos
world model, providing a simple yet effective way to further improve the π0.5 baseline. Experiments
on various simulated and real-world robot manipulation benchmarks demonstrate the effectiveness
of ACT3, with controlled ablations supporting the benefits of action-centric interaction.
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2 RELATED WORKS

Vision-Language-Action (VLA) models extend pretrained VLMs to robotic control, leveraging
broad semantic knowledge from large-scale multimodal pretraining to generate executable ac-
tions (Brohan et al., 2023; Kim et al., 2024). Representative models from the π series exemplify
this VLM-centric paradigm (Black et al., 2024; Physical Intelligence et al., 2025b;a; 2026). Recent
advances have focused on open-world generalization (Kim et al., 2024; Physical Intelligence et al.,
2025b; Li et al., 2025b), improving generative action modeling (Black et al., 2024; Chen et al.,
2026; Hou et al., 2025), and incorporating reasoning and memory mechanisms for complex manip-
ulation (Zhao et al., 2025; Zhong et al., 2026; Shi et al., 2026). Nevertheless, VLM-centric policies
inherit limited physical dynamics priors from vision-language pretraining (Chow et al., 2025; Hu
et al., 2024; Wu et al., 2024).

World Action Models (WAMs) pursue a complementary direction by replacing the VLM-centric
policy backbone with video-generation WMs, enabling control to exploit predictive dynamics
learned from large-scale video data (Cheang et al., 2024; Kim et al., 2026; Ye et al., 2026). How-
ever, stronger dynamics modeling does not necessarily preserve the task-level semantic reasoning
required for goal-directed manipulation, motivating policies that retain both semantic and dynamics
information (Yang et al., 2026; Ma et al., 2026a). Existing approaches broadly adopt either a shared
backbone that jointly models understanding, prediction, and action (Zhang et al., 2025; Zhao et al.,
2025; Cen et al., 2025; Wang et al., 2026b; Chen et al., 2026), or specialized multi-stream archi-
tectures that maintain separate semantic, dynamics, and action pathways (Lv et al., 2025; Liu et al.,
2025; Won et al., 2026; Bi et al., 2026; Cai et al., 2026; Hu et al., 2026; Tian et al., 2026; Zhang
et al., 2026a). Our work belongs to the latter family, focusing specifically on how information should
flow among specialized semantic, dynamics, and action streams.

As summarized in Fig. 1, existing multi-stream methods mainly follow three interaction patterns:
semantic-dynamics coupling allows the semantic and dynamics representations to interact before
action generation (F1 (Lv et al., 2025), InternVLA-A1 (Cai et al., 2026), BagelVLA (Hu et al.,
2026), UAM (Zhang et al., 2026a)); dynamics-action coupling tightly integrates predictive dynamics
with action generation under semantic guidance (Motus (Bi et al., 2026), DUST (Won et al., 2026),
STARRY (Tian et al., 2026)); and feature conditioning provides separate context representations as
inputs to the action module (TriVLA (Liu et al., 2025)). In contrast, ACT3 makes the action stream
the sole integration interface: semantic and dynamics backbones remain independent during forward
computation, while action queries access both through layerwise attention, allowing both backbones
to be jointly optimized under action supervision.

3 METHOD

In this section, we present ACT3, an action-centric tri-stream transformer for combining semantic
understanding and predictive dynamics in robot control. The architecture consists of semantic, dy-
namics, and action streams, with the action stream serving as the interface between the two context
pathways. We first introduce the problem formulation and overall architecture (Section 3.1), then
describe the layerwise action-centric interaction (Section 3.2). Finally, we present the joint training
objective and inference procedure (Section 3.3).

3.1 OVERVIEW

Problem Formulation. We learn an embodied policy πΘ with trainable parameters Θ from a
robot demonstration dataset D. At control step t, the policy receives M camera observations
Ot = {Imt }Mm=1, where Imt denotes the image from camera m, together with a task language in-
struction ℓ. Proprioceptive state can optionally be included as an additional conditioning input; we
omit this optional input from the notation for simplicity. The policy models a conditional distribu-
tion over short-horizon robot motions and predicts an H-step action chunk Ât ∼ πΘ(· | Ot, ℓ). We
denote the corresponding ground-truth action chunk by At = [at, . . . , at+H−1] ∈ RH×B , where
B denotes the action dimension used by the policy model. During execution, the robot executes a
prefix of the predicted action chunk and replans using the updated visual observations.

3



Preprint

Multi-View
Images

Language
Instruction

“Open The
Microwave Door.”

Vision Encoder Tokenize

Visual
Tokens

Text
Tokens

Projection Embed

Noisy Actions

Linear Action
Projection

Action
Tokens

Current
Observation

VAE
Encoder

Noise

Future Generation
Iterative Denoising

Last Future
Latent Slice

Patch Embedding

Language
Instruction

“Open The
Microwave Door.”

Text
Encoder

Projection

Text
Tokens

Dynamics Tokens

Semantic Stream Action Stream Dynamics Stream

Semantic Self-Attn Blocks

Semantic

Projection FFN

Action-Centric Attention Blocks

Semantic Action Dynamics

Projection FFN

Dynamics Self-Attn Blocks

Dynamics

Text Cross-Attention

FFN

Linear Action Head Layerwise Dynamics ContextLayerwise Semantic Context Euler Steps

Training

Action Supervision · Flow Matching

Demonstrated
Robot Motion

Demonstrated Target Velocity

Predicted Velocity
Velocity MSE

Actions

Future Supervision · Clean Latent MSE

Demonstration: Current And Future Frames

Frozen VAE
Encoder

Clean Target

Future-Only
MSE

Noisy
Shared Dynamics Model
Denoise To Clean Latent

Corrupt Future Latents Clean Prediction

Inference
Observe

Instruction
“Open The
Microwave

Door.”

Cached
Fixed During Denoising

Cache Cache

Action Execution

Execute Actions

Action Denoising

Figure 2: Overview of the proposed ACT3. The architecture comprises three specialized transformer
streams for semantic understanding, action generation, and dynamics prediction. The semantic and
dynamics streams maintain independent forward computation, while the action expert attends to
semantic, action, and dynamics representations at every action transformer block, making the action
stream the sole integration point for control.

Model Architecture. As shown in Fig. 2, ACT3 adopts a Mixture-of-Transformers (MoT) archi-
tecture that combines semantic understanding and predictive dynamics for control through three
transformer streams. The semantic stream encodes the current multi-view observations and instruc-
tion to provide semantic context for global task objectives, while the dynamics stream provides
context for anticipated local state transitions. The action stream generates continuous action chunks
through flow matching. At every action transformer block, action queries attend to both semantic
and dynamics tokens, while neither context stream reads representations from the other streams.
This makes the action stream the sole integration point for control, combining both contexts at mul-
tiple depths while maintaining independent forward computation in the two context streams. Let ψ,
θ, and ϕ denote the trainable parameters of the semantic, action, and dynamics streams, respectively,
with Θ = (ψ, θ, ϕ). All three streams are jointly optimized for control, as detailed in Section 3.3.
This organization provides a simple way to extend a pretrained MoT-based VLA by initializing the
semantic stream from its VLM backbone and the action stream from its action expert, while initial-
izing the dynamics stream from a pretrained WM.

3.2 ACTION-CENTRIC TRI-STREAM TRANSFORMER

Semantic and Dynamics Context Construction. Given the current observation and instruction,
the semantic stream encodes the multi-view images Ot into visual tokens through a vision encoder,
and tokenizes and embeds the instruction ℓ into text tokens. These tokens are processed by the
pretrained VLM transformer to provide layerwise semantic context for the action stream. In par-
allel, the dynamics stream predicts future latents conditioned on the base-camera image Ibt , where
b ∈ {1, . . . ,M}, and the same instruction ℓ. A VAE encodes the observation, and a separate text
encoder produces text tokens. Starting from noise ϵD with independent standard Gaussian entries,
the dynamics model samples future latents through iterative denoising conditioned on these inputs,
keeping the observed latent region fixed. We take the last temporal slice of the sampled future latents
as a denoised predicted latent input and apply the dynamics patch embedding to obtain dynamics
tokens. This latent slice represents a temporally compressed future segment. The future latents used
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to construct the dynamics tokens are generated using the same sampling procedure during training
and inference, with ϵD drawn independently of the demonstrated future observations. Demonstrated
futures are used only for auxiliary prediction supervision.

Action-Centric Attention. We interleave the three streams over L transformer layers so that the
action expert can access semantic and dynamics context as its action tokens are updated. Only action
queries read keys and values from other streams. At layer k = 0, . . . , L− 1, each stream computes
queries Qk

i , keys Kk
i , and values Vk

i using its own normalization and projection layers, where
i ∈ {S,A,D} indexes the semantic, action, and dynamics streams, respectively. We concatenate the
queries along the token dimension as Qk = [Qk

S ;Q
k
A;Q

k
D], and construct Kk and Vk analogously.

For each attention head with dimension d, the attention output Ok is

Ok = softmax

(
Qk(Kk)⊤√

d
+M

)
Vk, M =

[
0 −∞ −∞
0 0 0
−∞ −∞ 0

]
. (1)

The additive block attention mask M specifies stream-level visibility, with query rows and key
columns ordered as (S,A,D). Each entry applies to the corresponding token block: 0 allows at-
tention and −∞ masks it. Action queries therefore attend jointly to semantic, action, and dynam-
ics keys and values under a single softmax; self-attention in each context stream is restricted to
that stream. Each stream retains its own output projection and feed-forward module; the dynamics
stream additionally cross-attends to its text tokens. This asymmetric design makes the action expert
the sole integration point for semantic and dynamics information and preserves independent forward
computation in both context streams.

3.3 TRAINING AND INFERENCE

Action Supervision. We train the policy to generate action chunks conditioned on semantic and
dynamics context using continuous-action flow matching. For standard Gaussian action noise ϵA
with the same shape as At and flow time τ ∼ p over (0, 1], we construct Xτ = (1 − τ)At + τϵA
with target velocity Uτ = ϵA−At. Here p denotes the training-time distribution over flow times. Let
Ci,t = {(Kk

i ,V
k
i )}

L−1
k=0 collect the layerwise context for i ∈ {S,D}. The action expert fθ linearly

projects Xτ into action tokens and uses τ to condition its transformer blocks. A linear output head
predicts the action velocity Ûτ . We minimize the action loss LA:

LA = ED,τ,ϵA,ϵD

[
∥Ûτ − Uτ∥2F

HB

]
, Ûτ = fθ(Xτ , τ ; CS,t, CD,t). (2)

Here ∥ · ∥F denotes the Frobenius norm, and the expectation is over demonstration samples from D
and the sampled flow times and noises.

Joint Optimization. We supplement action supervision with an auxiliary dynamics-prediction loss.
The same VAE encodes demonstration clips containing current and future frames into clean latents
z0. We corrupt their future region at a sampled noise level σ using standard Gaussian noise ϵsup to
obtain noisy latents zσ . Conditioned on the current observation and instruction, the auxiliary branch
reconstructs clean latents ẑ0 from zσ . Future generation, dynamics context extraction, and auxiliary
prediction share the dynamics-transformer parameters ϕ, but the auxiliary branch provides no input
to the action expert. Its loss LD is the mean squared error between ẑ0 and z0 over future latent
entries only. We jointly optimize all three streams under the objective L:

L = LA + λDLD, (3)
where λD ≥ 0 weights dynamics-prediction loss. Action gradients update both context backbones
through the keys and values read by the action stream. The auxiliary loss additionally updates the
dynamics stream. Thus, both context backbones and the action expert are optimized for control.

Inference with Cached Contexts. At each policy query, we generate future latents from the current
observation and instruction and compute the layerwise contexts CS,t and CD,t once. These contexts
remain fixed during action generation because they do not depend on the noisy actions Xτ or their
flow time τ . Starting from a standard Gaussian chunk X1, we integrate the predicted action velocity
from τ = 1 to τ = 0 using Euler steps of size ∆τ > 0 to obtain Ât = X0. Only the action stream
is recomputed during integration; both context caches are refreshed for the next policy query using
updated observations. Appendix C.4 provides the detailed sampling, prediction-supervision, and
action-integration equations.
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4 EXPERIMENTS

We organize our experiments around three questions: (1) Does the complete policy improve task
execution and robustness? We evaluate simulated and real-world manipulation, including transfer
under distribution shifts. (2) How should actions access semantic and dynamics context? We study
cross-stream interaction and layerwise context access. (3) What do generated context and predictive
supervision contribute? We ablate generated context and dynamics-prediction supervision. These
questions are addressed in Sections 4.2 and 4.6, Section 4.3, and Section 4.4, respectively.

4.1 EXPERIMENTAL SETUP

Benchmarks and Data. We train one policy on the 24 kitchen tasks of RoboCasa (Nasiriany et al.,
2024) and another jointly on the 40 tasks of LIBERO-Spatial, Object, Goal, and Long (Liu et al.,
2023). Both use a nominal budget of 50 demonstrations per task. Following the preprocessing of
OpenVLA (Kim et al., 2024) for LIBERO and the successful human-demonstration subset used
by Cosmos Policy (Kim et al., 2026) for RoboCasa, the converted datasets contain 1,693 and 1,199
episodes, respectively. We further evaluate the LIBERO-trained policies on LIBERO-Plus (Fei et al.,
2025) without additional fine-tuning, using the same 10,030 perturbed instances for both policies.
Dataset and evaluation details appear in Appendix B.1, B.4, and E.

Models and Comparisons. ACT3 initializes its semantic and action streams from π0.5 (Physical In-
telligence et al., 2025b) and its dynamics stream from the Cosmos-Predict2.5-2B post-trained video
checkpoint (Ali et al., 2025). Model initialization, update scopes, and gradient-flow details are
provided in Appendix B.2. The default model predicts four consecutive future images and uses gen-
erated future representations as action context during both training and deployment. Demonstrated
future observations provide auxiliary supervision, rather than inputs to the deployed policy.

Our primary baseline is π0.5 trained and evaluated in the same PyTorch pipeline, following the
official implementation (Physical Intelligence et al., 2025b). For LIBERO, the comparisons in-
clude π0 (Black et al., 2024), OpenVLA-OFT (Kim et al., 2025), DUST (Won et al., 2026), HAM-
LET (Koo et al., 2026), ForeAct (Zhang et al., 2026b), Fast-WAM (Yuan et al., 2026), LingBot-
VA (Li et al., 2026), and Cosmos Policy (Kim et al., 2026). For RoboCasa, the comparisons include
UVA (Li et al., 2025a), DUST (Won et al., 2026), UWM (Zhu et al., 2025), π0 (Black et al., 2024),
GR00T-N1.5 (Bjorck et al., 2025), FLARE (Zheng et al., 2025), HAMLET (Koo et al., 2026), and
Cosmos Policy (Kim et al., 2026). Checkpoint selection and the shared evaluation protocol are
documented in Appendix B.3 and B.4.

4.2 TASK EXECUTION AND ROBUSTNESS

RoboCasa. ACT3 achieves 71.2% success on the 24 kitchen tasks, compared with 59.4% for the
in-house π0.5 baseline (Table 2). With the same downstream demonstrations and available camera
views, augmenting the VLA with the dynamics stream and its training objective improves kitchen
manipulation performance. This establishes the benefit of the complete policy; the following abla-
tions examine how its streams and objectives contribute.

LIBERO. ACT3 improves all four LIBERO suites, reaching a 98.6% average success rate from a
strong 96.9% baseline (Table 1). The improvement spans spatial, object, and goal variation as well
as long-horizon tasks. In particular, the Long result shows that repeatedly refreshing short-range
dynamics context is compatible with improved execution over longer task sequences.

Transfer under Distribution Shifts. On LIBERO-Plus, ACT3 achieves an average success rate
of 82.4%, compared with 68.4% for the in-house π0.5 baseline, when both LIBERO-trained policies
are evaluated on the same 10,030 instances without additional fine-tuning (Figure 3). The improve-
ment spans all four task suites, with the largest gains on Object and Long, corresponding to increases
of 16.4 and 15.8 percentage points, respectively. By integrating task semantics with predicted local
state changes at each action layer, ACT3 may better handle object variation and limit error accumula-
tion over longer task sequences. While both policies already perform strongly on standard LIBERO,
the larger performance gap on LIBERO-Plus highlights robustness differences that are less visible
under the original evaluation conditions. Appendix E reports category and difficulty breakdowns for
the shared evaluation instances.
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Table 1: LIBERO results. Success rates (%) across the
Spatial, Object, Goal, and Long task suites. The last two
rows use our PyTorch pipeline; other scores are taken from
prior work under the original evaluation settings.

Table 2: RoboCasa results. Success
rates (%) on 24 kitchen tasks. The last
two rows use our pipeline; other scores
are from prior work.

Method Spatial Object Goal Long Average

π0 96.8 98.8 95.8 85.2 94.2
OpenVLA-OFT 97.6 98.4 97.9 94.5 97.1
DUST 96.2 99.8 96.0 92.6 96.2
HAMLET 99.0 100.0 99.2 92.2 97.6
ForeAct 97.3 99.8 97.3 95.4 97.5
Fast-WAM 98.2 100.0 97.0 95.2 97.6
LingBot-VA 98.5 99.6 97.2 98.5 98.5
Cosmos Policy 98.1 100.0 98.2 97.6 98.5

π0.5 (PyTorch) 98.0 98.4 97.5 93.5 96.9
ACT3 (Ours) 99.5 99.0 98.5 97.4 98.6

Method # Demos per Task Average

UVA 50 50.0
DUST 300 58.5
UWM 1,000 60.8
π0 300 62.5
GR00T-N1.5 300 64.1
FLARE 300 66.4
HAMLET 300 66.4
Cosmos Policy 50 67.1

π0.5 (PyTorch) 50 59.4
ACT3 (Ours) 50 71.2

4.3 ACTION-CENTRIC INTERACTION
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Figure 3: LIBERO-Plus success rates (%) on
10,030 evaluation instances under direct trans-
fer from LIBERO without additional fine-tuning.
Both models use PyTorch implementations.

Where Should the Streams Interact? Ta-
ble 3 compares cross-stream attention topolo-
gies within our architecture. All variants
allow action queries to read both semantic
and dynamics information, so the comparison
concerns how context is constructed. ACT3

achieves the highest success rate. Adding
semantic-to-dynamics attention allows dynam-
ics queries to read semantic tokens. Further al-
lowing dynamics queries to read action tokens
enables bidirectional attention between the dy-
namics and action streams. Allowing all three
streams to attend to one another yields the low-
est success rate. The observed ordering is con-
sistent with a benefit from avoiding additional
cross-stream dependencies during context construction. In particular, independently constructed
semantics and dynamics can instead be weighted and combined by action queries as the action rep-
resentation evolves. Despite this forward independence, both context backbones remain trainable
through action supervision. Appendix C.1 specifies the attention masks and inference dependen-
cies; Appendix C.2 reports freezing and prediction-only Cosmos controls.

Table 3: Attention-topology ablation on Robo-
Casa. Entries list the streams read by each query
stream. The last row is ACT3.

S reads A reads D reads SR (%)

S S A D S D 64.6
S S A D S A D 64.0

S A D S A D S A D 59.1

S S A D D 71.2

Which Context Layers Should Action
Queries Read? We next examine the layer-
wise interleaving used by ACT3. Each action
layer reads semantic and dynamics keys and
values (K/V) from the corresponding VLM and
WM layers. Figure 4(a) compares this design
with three controls that reuse the final-layer
K/V from the VLM, the WM, or both at every
action layer. When final-layer reuse is applied
to only one stream, the other retains its original
layerwise mapping. All variants reuse the
existing K/V projections and differ only in
which context layers action queries read. Figure 4(a) shows that ACT3 achieves 71.2% success
with layerwise access to both streams, compared with 65.8%, 63.5%, and 64.6% when final-layer
K/V reuse is applied to the VLM only, the WM only, or both streams, respectively. A plausible
explanation is that final-layer representations may not expose all the fine-grained motion cues
useful for control. Repeated final-layer attention reweights the same context, whereas layerwise
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interleaving provides direct access to intermediate semantic and dynamics features. These features
may help combine local control details with task-level guidance during action refinement.

4.4 GENERATED CONTEXT AND DYNAMICS SUPERVISION
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Figure 4: Effects of context-layer access and dynamics predic-
tion on RoboCasa. (a) Left: Context-layer access in the VLM
and WM streams. “Layerwise” uses the original layer corre-
spondence; “Final Layer” reuses the last layer’s K/V at every ac-
tion layer. (b) Right: Separating future-context generation from
dynamics-prediction supervision. Rows specify current-frame or
generated-future dynamics context; columns indicate whether the
prediction loss is applied. Each cell reports success rate (%); the
bottom-right cell in each panel corresponds to ACT3.

The dynamics stream con-
tributes both context for action
generation and an auxiliary pre-
diction objective. Figure 4(b)
separates these roles by varying
current-frame versus generated-
future context, with and without
the dynamics-prediction loss.
All variants use the same ar-
chitecture and update Cosmos
through action supervision.
In the current-frame setting,
prediction supervision uses a
separate branch with shared
dynamics parameters, so ac-
tion queries still receive only
current-frame dynamics con-
text. Generated-future context
increases success from 61.3%
to 65.8% without prediction supervision and from 66.0% to 71.2% with it. This gain may arise
because action queries can read anticipated local state changes directly, reducing the need to infer
them from current-frame features alone. Prediction supervision also benefits current-frame control,
despite no generated future reaching the action stream. This suggests that learning demonstrated
transitions helps shape control-relevant representations in the shared dynamics backbone, beyond
its role in training future generation. Appendix C.3 details the computation paths and factorial
contrasts; Appendix D.1 reports supplementary target-timing experiments.

4.5 ANALYSIS OF ACTION-CENTRIC ATTENTION

Interaction Events and Task Examples VLM WM Action

Near Target
+0.15

-0.85
+0.70

First Contact
-0.30

-0.64
+0.94

Grasp Criterion Met
-0.32

+0.83
-0.52

Object Moved
+0.15

+0.92
-1.06

Articulation Started
-0.31

+1.15
-0.84

-1 0 1
Attention Change After Event (%)

Figure 5: Event-dependent allocation of action-query atten-
tion. Points and adjacent numbers are task-equal mean post-
minus-pre changes. Error bars show 95% bootstrap intervals.

We examine how action queries al-
locate attention across the indepen-
dently computed VLM context, WM
context, and tokens of the action
chunk during interaction. We col-
lect 300 rollouts of ACT3 across six
RoboCasa tasks and compare atten-
tion before and after five simulator-
defined events. For each event,
we first compute a within-rollout
change and then average across roll-
outs within each task, giving con-
tributing tasks equal weight. Fig-
ure 5 reports these changes in per-
centage points; positive values in-
dicate increased attention after the
event. Appendix D.3 provides the measurement protocol. Near-target and first-contact events are
associated with increased attention to action tokens and decreased attention to WM context. One
possible interpretation is that approach and initial contact place greater emphasis on local adjust-
ments within the ongoing action chunk. Around the grasp criterion, object motion, and articulation
onset, WM attention instead increases while action-token attention decreases. These events involve
sustained bilateral contact or changes in object state, making the increased WM readout consistent
with a greater need to account for interaction dynamics. VLM attention changes more modestly,
possibly because the task goals and object roles remain largely unchanged across these short event
windows, sustaining a need for visual-language grounding.
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4.6 REAL-WORLD EXPERIMENTS

Task Setup. We evaluate three real-world robotic manipulation tasks on the AgileX CobotMagic
bimanual platform with one external and two wrist-mounted RGB cameras. The tasks are Bowl
Stacking, Block Collection, and Flower Arrangement, covering stable placement, repeated object
transfer, and ordered multi-stage execution, respectively. Flower Arrangement requires pouring wa-
ter into a vase before inserting the flowers. We train a separate policy for each task and method
using 100, 100, and 80 demonstrations, respectively. Appendix F provides training details, evalua-
tion protocols, and success criteria.

Table 4: Average success rates (%) in real-world
manipulation tasks. Entries are successful trials /
total trials (success rate). Success criteria are de-
fined in Appendix F.3.

Task π0.5 ACT3 (Ours)

Bowl Stacking 26/30 (86.7%) 27/30 (90.0%)
Block Collection 22/30 (73.3%) 25/30 (83.3%)
Flower Arrangement 14/30 (46.7%) 19/30 (63.3%)

Task Completion. We evaluate each method
for 30 trials per task, with initial object config-
urations independently randomized across trials
and methods for all three tasks. Table 4 reports
full-task success counts and rates. On the Bowl
Stacking task, ACT3 achieves a 90.0% success
rate, compared with 86.7% for π0.5. On the
Block Collection task, ACT3 achieves 83.3%,
compared with 73.3% for π0.5. The largest ob-
served gain occurs on the Flower Arrangement
task, where ACT3 achieves a 63.3% success rate
compared with 46.7% for π0.5.

Figure 6: Qualitative comparison of real-world executions: (a) Block
Collection and (b) Flower Arrangement. Each panel shows π0.5 (top)
and ACT3 (bottom), with keyframes ordered from left to right. Red
boxes highlight grasping and insertion details.

Execution Analysis. Fig-
ure 6 compares selected ex-
ecution sequences on the
hard Block Collection and
Flower Arrangement tasks.
In collection, π0.5 repeat-
edly attempts to grasp an
arch-shaped block without
attaining a suitable gripper
orientation. In contrast,
our ACT3 aligns its gripper
with the target blocks and
successfully grasps several
arch-shaped blocks in suc-
cession. In the pouring-
and-flower sequence, π0.5
brings the final flower to-
ward the vase, but the stem
passes alongside the rim in-
stead of entering the open-
ing. ACT3 aligns the final
stem with the opening and successfully inserts it. These cases illustrate how ACT3 sustains task
progress by achieving the precise alignment required for grasping and insertion.

5 CONCLUSION

In this paper, we introduced ACT3, an Action-Centric Tri-Stream Transformer that combines seman-
tic understanding and predictive dynamics for robot control. The action expert serves as the sole
integration point through layerwise attention, while the semantic and dynamics streams maintain
independent forward computation. Joint optimization of action generation and dynamics prediction
allows both context representations and their integration to adapt to the control objective. Experi-
ments on simulated and real-world manipulation tasks demonstrate the effectiveness of this design.
The experimental findings suggest that global task semantics and local predictive dynamics can be
effectively combined through action generation without directly coupling the two context streams.
Our current evaluation is limited to robotic manipulation; future work will explore extending this
action-centric design to other embodied tasks, such as navigation.
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Generative AI tools were used to assist with polishing the manuscript and with code implementation.
All AI-assisted text and code were reviewed and verified by the authors. The authors take full
responsibility for the final content of this work.

REPRODUCIBILITY STATEMENT

We provide detailed formulations and experimental specifications to facilitate reproducibility. Our
implementation builds on the OpenPI codebase. Section 3 and Appendix C.4 describe the archi-
tecture, training objectives, and inference procedure of ACT3. Appendix B documents the datasets,
model initialization, training configurations, and evaluation protocols, while Appendix F provides
the corresponding real-world experimental details.
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A ADDITIONAL DISCUSSION OF MULTI-STREAM ARCHITECTURES

We provide a more detailed discussion of the multi-stream architectures summarized in Fig. 1, fo-
cusing on how their designs differ from ACT3.

Semantic–Dynamics Coupling methods construct dynamics representations on top of semantic rep-
resentations before they are consumed by the action pathway. F1 (Lv et al., 2025) organizes under-
standing (i.e., semantic), generation (i.e., dynamics), and action experts through progressive atten-
tion: the generation expert predicts visual foresight conditioned on the understanding stream, while
the action expert subsequently accesses both semantic and dynamics representations. InternVLA-
A1 (Cai et al., 2026) follows a similar understanding–generation–action hierarchy, using a cumula-
tive attention mask such that the generation expert predicts future visual latents from the semantic
prefix and the action expert attends to both streams. BagelVLA (Hu et al., 2026) further factorizes
decision making into textual subtask prediction, visual keyframe generation, and action generation,
with the predicted semantic plan guiding visual foresight before both are used for control. These
methods therefore share an explicit semantic-to-dynamics dependency: dynamics representations
are constructed after reading semantic information. In contrast, ACT3 does not impose an S→D
hierarchy. Its pretrained VLM and WM construct semantic and dynamics contexts independently,
and their representations meet only through the action stream. Thus, the action expert becomes the
first point at which semantic and dynamics information is integrated.

Dynamics–Action Coupling methods directly connect predictive dynamics with the evolving ac-
tion representation. Motus (Bi et al., 2026) combines semantic, video-generation, and action experts
through joint attention and jointly models future video and actions, making the dynamics representa-
tion part of the same generative process as control. DUST (Won et al., 2026) similarly models future
visual states and actions with two diffusion streams whose representations interact during denoising,
while semantic features from a frozen VLM provide upstream conditioning. STARRY (Tian et al.,
2026) uses a pretrained spatial-temporal world model together with semantic and action experts,
and jointly denoises future spatial-temporal latents and actions through multimodal joint attention;
its geometry-aware mechanism further modulates action-to-video interaction. Although these de-
signs differ substantially in implementation, they couple dynamics and action representations during
joint generation. ACT3 instead adopts asymmetric information flow: only action queries read both
semantic and dynamics contexts. The two context hierarchies therefore remain action-independent
during forward computation and can be cached throughout action denoising. Importantly, this inde-
pendence does not imply freezing: action gradients still update both pretrained context backbones,
while the WM additionally receives dynamics-prediction supervision.

Feature Conditioning. Feature-conditioning methods keep semantic and dynamics pathways sep-
arate and provide their outputs as upstream context for the action policy. TriVLA (Liu et al., 2025)
follows this design with a pretrained VLM for semantic grounding and a video-diffusion model for
dynamics representations. Multi-level video features are aggregated into dynamics tokens, which,
together with VLM features, condition a downstream diffusion-transformer policy through cross-
attention. This design avoids direct S–D coupling and is therefore closest to ACT3 in terms of
independent context construction. The key distinction lies in how these contexts are exposed to
actions and adapted for control. TriVLA first extracts and aggregates semantic and dynamics fea-
tures and subsequently uses them as conditioning inputs, with both context modules frozen during
downstream policy learning. In ACT3, by contrast, each action layer directly accesses the corre-
sponding VLM and WM keys and values, allowing the evolving action representation to draw on
different depths of both pretrained representation hierarchies. Moreover, both context backbones
remain trainable through action supervision.

B EXPERIMENTAL PROTOCOL AND REPRODUCIBILITY

B.1 DATASETS AND PREPROCESSING

LIBERO. Following Kim et al. (2024), we use LIBERO demonstration data with unsuccessful
episodes and no-op transitions removed. We convert the training splits of LIBERO-Spatial, Object,
Goal, and Long into a single LeRobot dataset and train one policy jointly on all 40 tasks. The
conversion preserves the episodes and frames in the preprocessed training splits without applying an
additional success filter. The resulting dataset contains 1,693 episodes and 273,465 stored frames,
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with 432 episodes in Spatial, 454 in Object, 428 in Goal, and 379 in Long. The nominal budget of
50 demonstrations per task refers to the original dataset before filtering.

RoboCasa. Following Kim et al. (2026), we use the successful subset of the human demonstration
data for the 24 RoboCasa kitchen manipulation tasks in the nominal 50-demonstration-per-task set-
ting. We convert this subset into a single LeRobot dataset containing 1,199 episodes and 316,995
stored frames. The dataset includes 237 distinct instruction strings associated with the 24 environ-
ment tasks. Both action learning and dynamics-prediction supervision use exclusively this set of
successful demonstration trajectories.

Camera observations. The LIBERO semantic stream receives an external view and a wrist view.
On RoboCasa it receives the left and right external views and the wrist view. The dynamics stream
uses only the designated base view: the external camera on LIBERO and the left external camera
on RoboCasa. Images are resized with aspect-ratio-preserving padding to 224 × 224 and mapped
to [−1, 1]. During training, non-wrist images in the semantic branch undergo a random crop with
approximately 95% of the original side length, resizing, and rotation within ±5◦; all views receive
brightness, contrast, and saturation factors in [0.7, 1.3], [0.6, 1.4], and [0.5, 1.5], respectively. Aug-
mentation parameters are sampled per camera and shared within a batch. The current-and-future clip
supplied to the auxiliary dynamics-supervision branch is resized but receives no random augmenta-
tion. Consequently, the two branches do not share an augmented current image during training.

Actions and proprioception. Both datasets provide seven task-action channels for end-effector
translation, rotation, and gripper control. We use the stored action convention without applying an
additional delta-action transform. The normalization maps each channel’s training quantiles q0.01
and q0.99 to approximately −1 and 1, without clipping outliers. Action targets are zero-padded
to B = 32 channels; the flow-matching loss averages over all 32 channels and all action steps,
without a padding-channel loss mask. Execution retains only the seven task channels. The data
interface carries an eight-dimensional state on LIBERO and a nine-dimensional state on RoboCasa.
Proprioceptive input is disabled in the main experiments: these states are not supplied to either
policy.

Temporal construction and boundaries. For an example starting at stored frame t, the action target
is [at, . . . , at+9] and the supervision clip contains images at [t, t+ 1, t+ 2, t+ 3, t+ 4]. These are
consecutive dataset indices. The conversions assign metadata rates of 10 Hz for LIBERO and 20 Hz
for RoboCasa; the corresponding four-step spans on the converted clock are 0.4 s and 0.2 s. They do
not establish physical elapsed time after frame filtering or the deployed control frequency. LeRobot
clamps out-of-range indices to the episode boundary. The policy adapter supplies an all-valid future-
frame mask rather than forwarding the dataset’s padding flags; repeated terminal frames therefore
remain in the prediction loss. This boundary handling is shared by the selected context variants.
Alternative offset sets are specified in Appendix D.1.

B.2 MODEL INITIALIZATION AND GRADIENT PATHS

Checkpoints and update scope. We initialize the semantic and action streams from the pretrained
π0.5 base model (Physical Intelligence et al., 2025b) and the dynamics stream from the post-trained
Cosmos-Predict2.5-2B video generation checkpoint (Ali et al., 2025). We jointly optimize the
PaliGemma backbone, including its vision encoder, the action expert, the Cosmos transformer, and
their trainable projections. The video VAE and text encoder remain frozen. To match the π0.5 atten-
tion interface, we reshape the Cosmos Q/K/V tensors by merging adjacent heads before computing
attention in the interleaved context-extraction blocks.

Video latents and action context. The frozen video VAE compresses a five-image 224 × 224
clip into two 16-channel 28 × 28 latent-time slices, corresponding to the observed frame and the
future segment. Latent normalization follows the pretrained Cosmos model. For current-frame
conditioning, we encode the current image followed by four zero-filled frames and keep the observed
latent slice fixed. Starting from fresh Gaussian noise in the future region, we generate the future
latent using two sampling steps conditioned on the current frame and instruction, without classifier-
free guidance. The final future slice summarizes the temporally encoded future segment and is
embedded into 196 tokens using (1, 2, 2) patches. We process this slice as a clean latent input to the
dynamics stream, whose layerwise representations provide context for action generation.
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Table 5: Selected main training configurations. Settings retained from the main-study recipe.

Setting LIBERO RoboCasa

Final optimizer updates 30,000 20,000
Global batch size 256 256
Warm-up updates 10,000 10,000
Learning rate after warm-up 5× 10−5 5× 10−5

AdamW (β1, β2) (0.9, 0.95) (0.9, 0.95)
AdamW ϵ / weight decay 10−8 / 10−10 10−8 / 10−10

Gradient norm limit 1.0 1.0
Data-loader workers 8 8
EMA in PyTorch trainer None None
Action horizon H 10 10
Proprioceptive input Disabled Disabled
Future images / video sampling steps 4 / 2 4 / 2
Action-flow integration steps 10 10
Dynamics-loss weight λD 1.0 1.0

Supervision and gradient flow. In the default model, the supervised video branch corrupts future
latents using σ ∼ U(0.001, 0.999) and reconstructs clean latents from the predicted velocity. The
observed slice is fixed, with conditioning timestep 0.1. The auxiliary loss is a float32 mean squared
error over future latent entries only. Its default weight is λD = 1. The action branch constructs its
future context using only the current image and instruction, independently of the supervised branch.
Its two-step sampler runs with autograd enabled during training, with no detach between sampling
and context extraction. Thus, action-loss gradients reach the shared Cosmos parameters through both
sampling and subsequent feature extraction, as well as the semantic context stream. In this default
formulation, the demonstrated future is used only by the supervised video branch. Appendix D.2
describes the training-only privileged teacher exception. Inference runs without gradients and does
not access future observations.

B.3 OPTIMIZATION AND CHECKPOINT SELECTION

Table 5 summarizes the training recipe. We optimize all trainable parameters with AdamW using a
shared learning rate of 5×10−5 after linear warm-up, a global batch size of 256, and no exponential
moving average of model weights. For action flow matching, we sample τ = 0.001 + 0.999u,
where u ∼ Beta(1.5, 1), and draw action noise from a standard Gaussian distribution. We train our
method on eight NVIDIA H100 GPUs using Accelerate with DeepSpeed ZeRO-2 and BF16 mixed
precision; 10,000 optimizer updates take approximately 23 hours on this hardware.

The main RoboCasa study uses checkpoints after 20,000 updates, while all LIBERO runs are trained
for 30,000 updates. The same LIBERO-trained checkpoints are evaluated on LIBERO-Plus without
additional fine-tuning. Main-study checkpoints are saved every 10,000 updates, and we evaluate the
checkpoints at these prespecified endpoints. The reported frozen-VLM and shifted-future ablations
on RoboCasa also use 20,000-update checkpoints. Both policies start from the same pretrained VLA
and use a matched action-training protocol.

B.4 EVALUATION AND STATISTICAL REPORTING

Evaluation protocol. All in-house comparisons use matched evaluation conditions within each
benchmark. We report mean success rates (%) over evaluation rollouts, with each group score com-
puted over the rollouts in that group. The LIBERO and RoboCasa main experiments and ablations
use three evaluation seeds. For LIBERO, each seed includes 50 trials for each of 40 tasks (6,000
trials in total). For RoboCasa, each seed includes ten trials in each of five scenes for each of 24 tasks
(3,600 trials in total). On LIBERO-Plus, both policies are evaluated on the same 10,030 perturbed
instances.

LIBERO implementation. The evaluator uses the benchmark’s task-specific initial-state list in
index order. The maximum action steps are 220, 280, 300, and 520 for Spatial, Object, Goal, and
Long, respectively. Camera images are rotated by 180◦ and resized/padded to the policy resolution.
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Table 6: The 24 RoboCasa task identifiers used by the evaluator and maximum action steps, exclud-
ing settling steps.

Task Steps Task Steps

PnPCounterToCab 500 PnPCabToCounter 500
PnPCounterToSink 700 PnPSinkToCounter 500
PnPCounterToMicrowave 600 PnPMicrowaveToCounter 500
PnPCounterToStove 500 PnPStoveToCounter 500
OpenSingleDoor 500 CloseSingleDoor 500
OpenDoubleDoor 1,000 CloseDoubleDoor 700
OpenDrawer 500 CloseDrawer 500
TurnOnStove 500 TurnOffStove 500
TurnOnSinkFaucet 500 TurnOffSinkFaucet 500
TurnSinkSpout 500 CoffeeSetupMug 600
CoffeeServeMug 600 CoffeePressButton 300
TurnOnMicrowave 500 TurnOffMicrowave 500

RoboCasa implementation. We evaluate on object split B using five layout–style pairs, (1, 1),
(2, 2), (4, 4), (6, 9), and (7, 10), following the Cosmos Policy (Kim et al., 2026) evaluation setup.
The trial allocation ensures equal coverage of these five scenes. The evaluator uses the PandaMobile
environment with three camera views, 224× 224 rendering, no camera randomization, and vertical
image flipping. The seven predicted manipulator-action channels are extended with the fixed base-
control vector [0, 0, 0, 0,−1] before being passed to the environment. Table 6 lists the maximum
episode length for each task.

Inference Latency. We measure model-query latency on a single NVIDIA H100 80GB GPU. Each
policy retains its native attention and precision settings; action and sampling configurations follow
Table 5. Mean latency on LIBERO/RoboCasa is 423/418 ms for ACT3, compared with 161/160 ms
for π0.5. Timing includes future generation and context extraction but excludes input/output trans-
forms and data transfers. For reference, Cosmos Policy (Kim et al., 2026) reports 610 ms per action
chunk with five denoising steps on a single H100 GPU, reduced to 160 ms with one step. These
published timings provide context rather than a controlled comparison.

C ARCHITECTURE AND CONTEXT-CONTROL DETAILS

C.1 ATTENTION-TOPOLOGY ABLATIONS

Block-level visibility. Rows index query streams and columns index key streams, both ordered as
(S,A,D). An entry of 0 permits attention and −∞ blocks it. The four topologies in Table 3 use

MACT =

(
0 −∞ −∞
0 0 0
−∞ −∞ 0

)
, MSD =

(
0 −∞ −∞
0 0 0
0 −∞ 0

)
, (4)

MSD+AD =

(
0 −∞ −∞
0 0 0
0 0 0

)
, Mfull =

(
0 0 0
0 0 0
0 0 0

)
. (5)

Here,MACT =M in Eq. 1 corresponds to ACT3. Relative to this topology,MSD allows dynamics
queries to read semantic tokens, andMSD+AD further enables bidirectional attention between the
dynamics and action streams. Under Mfull, all three streams attend to one another. These masks
apply to the last 18 Cosmos blocks interleaved with the semantic and action layers; the first ten
blocks retain independent computation.

Training and inference. All variants jointly train the three transformer streams, with the video
VAE and Cosmos text encoder frozen. Action-loss gradients reach both context backbones. The
two-step Cosmos sampler and separate dynamics-prediction supervision branch remain unchanged.
The topology changes apply only to context extraction and do not introduce joint denoising of fu-
ture latents and actions. At inference, one future latent is sampled per policy query and held fixed
throughout action-flow integration. Under MACT and MSD, context features are independent of
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Table 7: Success rates (%) of context-backbone adaptation variants on RoboCasa. “Action” and
“future” denote the action loss and dynamics-prediction loss, respectively.

Variant VLM updates Cosmos Update Source Average

Frozen VLM No Action + Future 32.7
Frozen Cosmos Yes None 62.3
Prediction-only Cosmos Yes Future Only 67.1

ACT3 (Ours) Yes Action + Future 71.2

action tokens, so their layerwise keys and values are computed once per query and reused. Under
MSD+AD, dynamics features depend on action tokens; Mfull introduces this dependence into se-
mantic features as well. Both feedback-enabled variants repeat joint feature computation at each
action-flow step while reusing the sampled future latent.

C.2 JOINT ADAPTATION OF THE CONTEXT STREAMS

Control definition. In the forward pass, the default model blocks cross-stream feedback into the
two context backbones, while allowing action-loss gradients through the keys and values read by
action queries during training. The controls below retain this forward topology while restricting
parameter updates or their gradient sources.

Frozen VLM. We freeze the entire PaliGemma backbone, including its vision encoder, multimodal
projector, and language model. The action expert, its action and time projections, and the Cosmos
transformer remain trainable. As shown in Table 7, this variant achieves 32.7% success. Freezing
the VLM prevents its semantic representations from co-adapting during training, leaving the action
expert to combine an unchanged semantic feature hierarchy with an evolving dynamics stream. Al-
lowing the VLM to update instead lets action supervision reshape these features as their integration
with dynamics context is learned. The low success suggests that effective integration benefits from
adapting the semantic context together with the action-side readout. Independent forward com-
putation therefore separates context construction without requiring the semantic representations to
remain fixed.

Frozen Cosmos. We freeze the entire Cosmos expert at its pretrained initialization, while keep-
ing the VLM and action expert trainable. Generated future context and the action-centric attention
topology are retained, while dynamics-prediction supervision is disabled. As shown in Table 7, this
variant achieves 62.3% success, compared with 71.2% for the jointly adapted model. Its improve-
ment over the π0.5 baseline (Table 2) suggests that the pretrained dynamics stream provides useful
context even when kept fixed. However, freezing Cosmos prevents both future generation and the
intermediate representations read by actions from adapting to the robot task. The other streams
must therefore learn to use an unchanged dynamics feature hierarchy. Joint training instead allows
predictive supervision to shape the modeling of demonstrated transitions and action supervision to
adjust how this information supports control. The observed ordering is consistent with benefiting
from both pretrained dynamics context and its task-specific adaptation.

Prediction-only Cosmos. To isolate the contribution of action-driven Cosmos adaptation, we keep
Cosmos trainable but update it only through the dynamics-prediction loss. We stop action-loss gradi-
ents through the Cosmos keys and values read by the action expert, while retaining generated-future
context and the same forward attention topology. The VLM and action expert remain trainable,
while the VAE and text encoder remain frozen. As shown in Table 7, this variant achieves 67.1%
success. The improvement over frozen Cosmos suggests that adaptation to demonstrated transitions
benefits control even without action-driven updates. The further gain from joint adaptation supports
the benefit of action supervision beyond dynamics-prediction supervision alone: action-loss gra-
dients allow both future generation and the intermediate representations read by action queries to
adapt directly to the control objective.
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C.3 CURRENT AND GENERATED CONTEXT

Context construction. The four configurations in Figure 4(b) use the same Cosmos backbone and
action-context interface. Current-frame variants select the observed latent slice, whereas generated-
future variants select the last temporal slice of the sampled future latents. In both cases, a single
clean latent slice is embedded into 196 context tokens through the same interface. The compari-
son therefore changes the source of dynamics context without changing the context-token budget
available to the action expert.

Supervision and gradient paths. With current-frame context, the variant without dynamics-
prediction supervision skips both the auxiliary prediction branch and future sampling. Adding pre-
diction supervision introduces a separate branch with shared dynamics parameters, while action
queries still receive only current-frame dynamics context. Neither current-frame variant performs
future sampling at deployment. With generated-future context, the variant without prediction su-
pervision retains differentiable future generation and action-loss updates to Cosmos, but omits the
auxiliary prediction branch. The full ACT3 model retains both differentiable future generation and
dynamics-prediction supervision. Cosmos remains trainable through action supervision in all four
configurations; removing the dynamics-prediction loss does not freeze the dynamics backbone.

Factorial contrasts. Let sc,ℓ denote success rate in percent, where c ∈ {cur, gen} specifies current-
frame or generated-future dynamics context, and ℓ ∈ {0, 1} indicates whether dynamics-prediction
supervision is used. Both generated-future context and prediction supervision improve success when
the other factor is held fixed (Figure 4(b)). The interaction contrast measures how the gain from
generated-future context changes with prediction supervision:

∆int = (sgen,1 − scur,1)− (sgen,0 − scur,0)
= (71.2− 66.0)− (65.8− 61.3) = 0.7.

(6)

The point estimates suggest approximately additive benefits. Generated-future context exposes an-
ticipated local state changes to action queries, while dynamics-prediction supervision may improve
control-relevant representations even with current-frame context.

C.4 SAMPLING, SUPERVISION, AND ACTION INTEGRATION

Future-context sampling. Let Evae denote the frozen video VAE encoder, including its pretrained
latent normalization. We encode the base-camera image followed by N zero-filled frames as

zcondt = Evae([I
b
t , 0, . . . , 0]). (7)

A binary mask Mobs, with the same shape as zcondt , selects entries assigned to the observed frame
according to the VAE’s temporal encoding; 1 − Mobs selects the unobserved future region. For
standard Gaussian noise ϵD of the same shape, the sampler runs for SD steps:

z̃
(0)
t = Mobs ⊙ zcondt + (1−Mobs)⊙ ϵD,

z̃
(s+1)
t = Stepϕ

(
z̃
(s)
t ; zcondt , ℓ,Mobs, s

)
, s = 0, . . . , SD − 1.

(8)

Here⊙ denotes elementwise multiplication and Stepϕ denotes one sampling update of the dynamics
model, including its noise schedule and restoration of the observed region to zcondt . The instruction is
supplied through the dynamics model’s text encoder. The default uses N = 4 and SD = 2, without
classifier-free guidance. With this clip length, the VAE produces one observed and one future latent-
time slice; the latter represents the temporally encoded future segment rather than a single future
image. After sampling, we treat the future slice of z̃(SD)

t as a clean latent input and apply the
dynamics patch embedding to obtain dynamics tokens. A subsequent transformer pass extracts the
layerwise dynamics context CD,t read by actions. Sampling uses fresh noise independent of the
demonstration targets. The temporal offsets and episode-boundary handling follow Appendix B.1;
alternative target offsets are examined in Appendix D.1.

Auxiliary dynamics supervision. The target clip is Yt = [Ibt , I
b
t+1, . . . , I

b
t+N ], with clean latent

z0 = Evae(Yt). We draw independent standard Gaussian noise ϵsup of the same shape and a video
noise level σ ∼ U(σmin, σmax), where U is the uniform distribution and 0 < σmin < σmax ≤ 1.
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Using the notation of Section 3.3 at a fixed control step t, the intermediate corrupted target and
conditioned input are

z̄σ = (1− σ)z0 + σϵsup,

zσ = Mobs ⊙ zcondt + (1−Mobs)⊙ z̄σ.
(9)

The noise-level field assigns a fixed conditioning level σcond to observed entries and σ to future
entries:

σ = Mobs σcond + (1−Mobs)σ. (10)

The dynamics transformer gϕ predicts latent velocity from the conditioned latent, noise-level field,
instruction embedding, and mask. Its clean-latent estimate is

ẑ0 = Mobs ⊙ zcondt + (1−Mobs)⊙ [z̄σ − σgϕ(zσ,σ, ℓ,Mobs)] . (11)

As in sampling, the instruction argument denotes its text-encoder embedding. We supervise only
future entries:

LD = ED,σ,ϵsup

[
∥(1−Mobs)⊙ (ẑ0 − z0)∥2F∑

j(1− (Mobs)j)

]
, (12)

where j indexes latent entries and the denominator counts future entries. Future sampling, con-
text extraction, and auxiliary dynamics prediction share the dynamics-stream parameters ϕ but use
separate forward passes. Only sampling and context extraction provide dynamics inputs to the ac-
tion expert; demonstrated-future latents are used only by the auxiliary branch in the default policy.
During training, action-loss gradients reach ϕ through both sampling and context extraction, with no
detach between them, while LD updates only the dynamics stream. The semantic and action streams
are updated by the action loss; the video VAE and dynamics text encoder remain frozen. Inference
retains future sampling and context extraction but omits the demonstrated-future supervision branch.

Action-flow integration. For a fixed policy query, let SA be the number of Euler steps, ∆τ = 1/SA

the step size, and τj = 1 − j∆τ for j = 0, . . . , SA the integration times. Starting from a standard
Gaussian X1 ∈ RH×B , we reuse the cached contexts and update

Xτj+1
= Xτj −∆τ fθ

(
Xτj , τj ; CS,t, CD,t

)
, j = 0, . . . , SA − 1. (13)

The final state Ât = X0 is the predicted action chunk. The default uses H = 10, B = 32, and
SA = 10. Context caches remain fixed throughout these steps and are refreshed for the next policy
query.

D SUPPLEMENTARY TRAINING STUDIES

D.1 TEMPORAL SAMPLING OF FUTURE TARGETS

Let Df = {d1, d2, d3, d4} denote offsets in stored dataset indices relative to observation t. The
supervised clip is

Yt(Df ) = [Ibt , I
b
t+d1

, Ibt+d2
, Ibt+d3

, Ibt+d4
]. (14)

We compare three temporal selections: consecutive near-future targets {1, 2, 3, 4}, consecutive later
targets {7, 8, 9, 10}, and approximately uniform targets {2, 5, 7, 10} spread across a longer future
window. All settings contain four future images, while the action target remains [at, . . . , at+9] and
the execution prefix remains five actions. This comparison varies temporal coverage while keeping
the number of predicted images fixed.

The selected images occupy the same four future slots of a five-image clip. The VAE latent layout,
two-step future sampler, and single-slice action-context interface are retained. The actual dataset
offsets are not supplied as additional positional inputs to the dynamics model, so target timing is
specified through the training data. Offsets refer to stored dataset indices; their relation to physical
time and episode-boundary clamping are described in Appendix B.1. Longer offsets can produce
more repeated terminal frames near episode ends.

Table 8 shows that consecutive near-future targets achieve the highest success rate, while both later
consecutive and approximately uniform targets yield lower performance. A plausible explanation
is the relevance of nearby transitions to receding-horizon control: the policy executes only a short
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Table 8: RoboCasa success rates for different temporal selections of future targets.

Target selection Future offsets SR (%)

Later consecutive {7, 8, 9, 10} 65.4
Approximately uniform {2, 5, 7, 10} 62.5

ACT3 (Ours) {1, 2, 3, 4} 71.2

Table 9: RoboCasa success rate (%) with and without privileged self-distillation.

Training variant SR (%)

Privileged KD, λKD = 0.1 65.0
Privileged KD, λKD = 0.5 63.3

ACT3 (Ours) 71.2

prefix of each action chunk before refreshing its observations and dynamics context. Near-future
supervision concentrates the fixed four-frame budget on scene changes surrounding this next control
segment. Later consecutive targets shift that budget toward more distant states, while approximately
uniform targets spread it across a longer interval with less local temporal detail. The lower success
of the uniform selection further suggests that wider coverage does not compensate for losing densely
sampled local transitions. Together, these results suggest that the temporal relevance and local detail
of dynamics context matter more than simply extending its coverage in this setting.

D.2 EXPLORATORY PRIVILEGED SELF-DISTILLATION

Our standard training objective uses demonstrated future frames to supervise dynamics prediction.
We investigate whether these same observations can also provide additional guidance at the action
level, making fuller use of the future information available during training. To this end, a privileged
teacher branch predicts actions from demonstrated-future latents encoded by the frozen video VAE,
while the student uses generated future context. The two branches share parameters and differ only
in their future context.

We retain the original action and dynamics-prediction objectives and introduce teacher action super-
vision and a distillation loss:

LKD = E

[
∥Ûs

τ − sg(Û t
τ )∥2F

HB

]
,

Lpriv = Ls
A + 0.25Lt

A + λDLD + λKDr(n)LKD.

(15)

Here, Ûs
τ and Û t

τ are the student and teacher action-flow predictions, and sg denotes stop-gradient.
The losses Ls

A and Lt
A apply the same action-flow supervision to the respective branches. The

teacher action loss remains differentiable and updates the shared parameters. We test λKD ∈
{0.1, 0.5}. For optimizer-update index n, the schedule r(n) is zero before 5K updates, increases
linearly to one at 10K updates, and remains one thereafter. Only the generated-future student path
is used at deployment.

Table 9 shows that neither privileged self-distillation variant improves on the ACT3 reference, with
a lower success rate at λKD = 0.5 than at 0.1. One possible explanation is that the shared-parameter
teacher provides limited complementary guidance, since the original action objective already adapts
the dynamics stream through generated future context. Moreover, the teacher observes the realized
demonstrated future, whereas the student relies on a future sampled from the current observation
and instruction. Matching their predictions may therefore introduce competing supervision when
these contexts support different actions.

D.3 DETAILS OF ACTION-CENTRIC ATTENTION ANALYSIS

Tasks and rollouts. We select six RoboCasa tasks covering object transfer and articulated-object
manipulation. The object-transfer tasks are PnPCounterToSink, PnPSinkToCounter, and PnPCoun-
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Table 10: LIBERO-Plus success rate (%) by perturbation category.

Perturbation category Instances π0.5 ACT3 (Ours)

Background textures 1,076 87.6 91.3
Camera viewpoints 1,599 47.1 58.5
Language instructions 1,537 72.0 86.9
Lighting conditions 1,142 93.7 94.8
Object layouts 1,525 82.8 87.5
Robot initial states 1,550 52.8 81.5
Sensor noise 1,601 56.5 83.0

Overall 10,030 68.4 82.4

terToCab; the articulated-object tasks are OpenSingleDoor, OpenDrawer, and TurnOnStove. Using
the 20K RoboCasa checkpoint of ACT3, we collect ten rollouts for each of five layout–style pairs
per task. The resulting set contains 300 rollouts and 21,307 policy queries, including 210 successful
and 90 unsuccessful rollouts. Both outcomes are included in the analysis.

Interaction events. Events are defined from simulator state independently of attention. Near-target
denotes the first end-effector distance of at most 0.10 m from the object root or the resolved han-
dle/knob centers. First contact is detected using the gripper–target contact predicate. The grasp
criterion requires bilateral finger contact in two consecutive control states. Object motion denotes
the first object displacement of at least 0.03 m and is evaluated for the three object-transfer tasks.
Articulation onset denotes the first normalized joint-progress change of at least 0.05 for a door or
drawer, or a target-knob angle change of at least 0.05 rad for the stove. Attention measurement and
aggregation. We measure attention at the final action-flow model evaluation (τ ≃ 0.1), averaging
over 18 layers, eight heads, and action positions 0–4. For each action query, attention probabili-
ties are summed over the visible keys belonging to VLM context, action tokens, and WM context,
yielding mS +mA +mD = 1. VLM mass combines all three image streams and valid text-prefix
tokens. Policy queries are aligned within ±25 control steps of each event using five-step bins. For
each rollout with observations on both sides of an event, we compute the change from its mean
attention mass in the bins centered at −10 and −5 to its mean in the bins centered at +5 and +10.
We average these paired changes within each task and then weight contributing tasks equally. The
95% confidence intervals are computed using 1,000 bootstrap resamples of whole rollouts within
each task.

E LIBERO-PLUS EVALUATION AND DETAILED RESULTS

Perturbation categories. Table 10 reports results across the seven perturbation categories. ACT3
improves over the baseline in every category, with the largest gains for robot initial states and sensor
noise. These results indicate improved tolerance to both altered starting configurations and degraded
observations, extending the benefit beyond changes in scene appearance. Language-instruction per-
turbations also show a clear improvement, demonstrating that the gain is not confined to visual
changes. Background textures, lighting conditions, and object layouts show smaller improvements,
with the baseline already performing well in these categories. Performance also improves under
camera viewpoint changes, although this remains the lowest-scoring category for both policies, sug-
gesting that changes in observation geometry remain more demanding than texture or illumination
changes in this evaluation.

Difficulty levels. Table 11 groups instances by their benchmark-provided difficulty annotations.
ACT3 outperforms the baseline at every annotated level. Although success rates decrease with diffi-
culty for both policies, the advantage of ACT3 persists through the most difficult group. This pattern
indicates that the robustness gains extend across the evaluated difficulty range, rather than being
confined to easier instances.
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Table 11: LIBERO-Plus success rate (%) by difficulty level.

Difficulty level Instances π0.5 ACT3 (Ours)

1 1,644 83.2 94.6
2 2,202 77.8 92.7
3 2,094 72.7 87.2
4 1,886 63.6 78.0
5 2,083 45.4 59.9
Unannotated 121 92.6 96.7

Overall 10,030 68.4 82.4

F REAL-WORLD EXPERIMENT DETAILS

F.1 SETUP AND TRAINING

The AgileX CobotMagic platform has six joints and one gripper per arm. One top-down and two
wrist-mounted RGB cameras record 640× 480 images at 30 Hz. We train a separate policy for each
task and method using the demonstration budgets in Section 4.6. Training uses 40,000 optimizer
updates, a global batch size of 64, and an action horizon of H = 50. The learning rate increases
linearly to 2.5×10−5 over 1,000 warm-up updates, then follows a cosine decay to 2.5×10−6. Other
optimizer settings follow Table 5.

F.2 EVALUATION PROTOCOL

We evaluate π0.5 and ACT3 for 30 trials per task. For all three tasks, initial object configurations are
independently randomized across trials and methods. Each trial is scored using the task-specific suc-
cess criteria in Appendix F.3. Table 4 reports the number of successful trials and the corresponding
success rate, computed as the fraction of successful trials out of 30 and expressed as a percentage.

F.3 TASKS AND METRICS

Bowl Stacking. All designated bowls must form the target stack after gripper release and remain
stable throughout the final observation interval. The initial base bowl, when present, is excluded
from the required placements and the partial-completion count.

Block Collection. All designated blocks must be fully inside the target bucket after release and
remain there throughout the final observation interval. Partial completion counts the blocks retained
in the bucket at termination, not the number of transfer attempts.

Flower Arrangement. The required order is to finish pouring before inserting flowers. The cumu-
lative milestones are (1) verified water transfer into the vase and completed pouring, (2) at least one
flower stem entering the vase after pouring, and (3) all target flowers inserted, released, and stable,
with the vase upright. Insertion before pouring is an ordering violation and receives no credit for
later milestones. Full-task success requires reaching the third milestone.

Figure 7 illustrates the three real-world tasks through paired initial and final observations.
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(a) Bowl Stacking

Initial state

Final state

Goal. Stack all designated bowls
into a single stable stack that
remains in place after gripper
release.

(b) Block Collection

Initial state

Final state

Goal. Transfer all designated
blocks from the tabletop into the
bucket, leaving them fully inside
after release.

(c) Flower Arrangement

Initial state

Final state

Goal. Pour water into the vase,
then insert and release all
designated flowers, leaving the
vase upright.

Figure 7: Real-world task illustrations. Each column shows the initial state (top) and final state
(bottom) from the same recorded episode. The final states show stacked bowls, collected blocks,
and flowers retained in an upright vase, respectively. The intermediate water-transfer stage of Flower
Arrangement is not visible in these endpoint images.
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