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Abstract: Current generative visuomotor policies often face a trade-off between
inference speed and execution stability. Autoregressive architectures are con-
strained by sequential decoding latency and compounding errors, whereas diffu-
sion models demand computationally expensive iterative denoising. We introduce
the Recursive Cascade Policy (RCP), an architecture inspired by human hierarchi-
cal cognitive control that frames action generation as recursive temporal infilling
directly within explicit physical action space. A single weight-shared Transformer
first predicts sparse boundary anchors to sketch a global trajectory, then recur-
sively populates the temporal gaps. By conditioning each step on its immediate
geometric anchors and a hierarchically propagated latent, RCP renders intermedi-
ate trajectory segments conditionally independent. This structural prior restricts
the attention mechanism to a constant-length context, decoupling attention com-
plexity from the total action horizon and unlocking highly efficient parallel decod-
ing. With only 19M parameters, less than one-quarter the size of ACT and Dif-
fusion Policy, RCP achieves superior performance across diverse simulation and
real-world tasks. By grounding generation in local geometric boundaries rather
than unbounded histories, RCP maintains robust temporal coherence, demonstrat-
ing recursive cascades as an efficient and scalable approach for robotic policies.
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Figure 1: Motivation and Conceptual Framework. (Left) Analogous to diverse complex control
systems, cognitive control manages task complexity via a cascade that refines high-level intentions
into granular motor details. (Right-a) Traditional visuomotor policies employ monolithic, large-
scale models to establish a flat, direct observation-to-action mapping. (Right-b) Our Recursive Cas-
cade Policy (RCP) employs a lightweight shared generator to iteratively instantiate a hierarchical
action tree. This recursive cascade elegantly resolves spatial uncertainty, delivering high-fidelity
control with exceptional architectural economy.
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1 Introduction

Scaling robot learning to complex, long-horizon tasks requires generative policies capable of syn-
thesizing fine-grained, high-dimensional action sequences from raw sensory observations [1, 2, 3].
However, existing generative paradigms often require a compromise between inference speed and
execution stability. Autoregressive (AR) architectures are constrained by sequential decoding la-
tency and remain highly susceptible to compounding errors over extended execution horizons [4, 5].
Conversely, diffusion models offer excellent long-horizon stability and multimodal expressivity but
require computationally expensive iterative denoising, introducing significant latency that can stall
real-time control [6].

Hierarchical and coarse-to-fine structures offer a compelling mechanism to resolve this bottleneck
through temporal abstraction [7, 8]. Decoupling abstract planning from execution provides a robust
safeguard against error accumulation. Analogous principles naturally emerge across diverse com-
plex systems, from the layered control loops of early robotic architectures [9] to the hierarchical
cognitive control networks of the human brain [10, 11, 12, 13]. By establishing global trajectory
sketches before populating local details, hierarchical policies maintain macro-level stability while
isolating micro-motor noise. Yet, current multi-scale deep learning approaches frequently rely on
disjointed networks for planning and execution, or operate within ungrounded, discrete latent spaces
susceptible to lossy tokenization. Crucially, these models typically scale their attention complexity
with the action horizon, failing to fully escape the latency bottleneck of long-sequence generation.

To address these limitations, we introduce the Recursive Cascade Policy (RCP). RCP departs from
unidirectional sequence prediction and continuous denoising by framing action generation as recur-
sive temporal infilling directly within the explicit physical action space. Operating through a single
weight-shared Transformer, RCP initializes generation by predicting a sparse set of boundary an-
chors to establish a global sketch of the movement. It then recursively populates the temporal gaps
between these anchors to instantiate the complete trajectory. Because each infilling step conditions
solely on its immediate geometric boundaries, intermediate trajectory segments become condition-
ally independent. This structural prior restricts the attention mechanism to a constant-length local
context, effectively decoupling attention complexity from the total action horizon. Furthermore, this
conditional independence unlocks parallel trajectory sampling, allowing the simultaneous genera-
tion of entire hierarchical levels via batched forward passes.

We demonstrate the efficacy of the Recursive Cascade Policy across an extensive suite of evaluations,
encompassing the diverse manipulation tasks of ManiSkill [14], complex bimanual coordination in
RoboTwin [15], and challenging real-world deployments. Despite achieving superior execution fi-
delity, RCP remains remarkably lightweight. Operating with a mere 19M parameters, it represents a
fourfold reduction compared to ACT [2] and a fivefold reduction relative to Diffusion Policy [1], all
while sustaining substantially higher inference throughput. As a generalized formulation, the RCP
paradigm natively accommodates varying visual modalities and exhibits predictable capability gains
as model capacity scales. Crucially, our method preserves strict temporal coherence and robust per-
formance even as the predicted action chunk horizon extends. To elucidate the internal mechanisms
driving this stability, UMAP visualizations of the latent refinement flow provide empirical evidence
of how the policy progressively grounds high-level intentions into precise physical executions. Col-
lectively, these results establish recursive cascading as a highly effective foundation for scalable,
interpretable, and parameter-efficient robot learning.

2 Related Work

2.1 End-to-End Visuomotor Policy Learning

Visuomotor control has evolved from simple Behavioral Cloning (BC) [16, 17] to massive Vision-
Language-Action (VLA) and World-Action Models (WAM), exemplified by RT-1 [18], Open-
VLA [19], and Fast-WAM [20]. These systems leverage large-scale pretraining to map multimodal
tokens directly into executable actions. While these foundational architectures excel at semantic



generalization, learning both abstract reasoning and high-frequency motor execution within a single
unstratified mapping poses significant representational challenges. To improve local precision, gen-
erative policies such as Action Chunking Transformers (ACT) [2], Diffusion Policy [1], and the 7
series [3, 21, 22] predict entire blocks of actions over receding horizons. However, generating dense,
high-frequency action chunks in a single “flat” pass creates computational bottlenecks and degrades
temporal coherence as prediction horizons expand. Our work retains the execution advantages of
action chunking but reframes the internal generation process as a recursive refinement.

2.2 Hierarchical and Multi-scale Robot Control

Hierarchical abstraction is foundational to robotics, evolving from early reactive [9] and hybrid
deliberative-reactive architectures [23, 24] to modern multi-scale sequence generation [25]. Today,
keyframe-driven architectures condition local trajectories on sparse critical poses [7, 8, 26, 27, 28],
while hierarchical generative models utilize structured spatial anchors to maintain temporal coher-
ence [29, 30, 31]. Concurrently, dual-system VLAs [21, 32, 33] explicitly separate abstract planning
from low-level controllers. While effective, integrating these distinct modules often requires careful
engineering to maintain representational consistency. Recently, CARP [34] advanced this paradigm
via a unified coarse-to-fine autoregressive policy that compresses actions using a multi-stage VQ-
VAE. While adept at capturing multi-scale dynamics, operating in a discrete space risks quantization
artifacts, and generating finer scales requires an expanding attention context that encompasses pre-
ceding coarser scales. RCP offers a complementary continuous-space perspective: by restricting
attention to a constant-length local context bounded by immediate anchors, RCP circumvents quan-
tization steps and maintains a bounded computational footprint at every cascade level.

2.3 Human-inspired Cognitive Control and Cascade Models

Since Lashley’s critique of linear behavioral chaining [35], cognitive science has established that
complex motor sequences are governed by hierarchical plans. In human motor control, this complex-
ity is managed via an organized cascade within the prefrontal cortex [36, 10]. Computational models
of cognition demonstrate that structural decoupling, where higher-order regions disambiguate tem-
porally distant goals before lower-level regions select local motor commands [37, 12]. Recent work
spanning both biological and artificial agents highlight that multi-scale temporal abstractions are
paramount for robust motor control [13]. While many robotic systems mimic the functional sep-
aration of these planning levels, RCP explicitly formalizes their fluid, recursive refinement. By
employing a weight-shared generator, RCP iteratively populates the action trajectory, progressively
instantiating dense motor programs from a sparse global sketch.

3 Methodology

The core philosophy of Recursive Cascade Policy (RCP) is to transform the traditional monolithic
action prediction task into a structured process of uncertainty reduction. By mimicking the human
hierarchical control to refine abstract intentions into motor programs, RCP employs a weight-shared
architecture to iteratively instantiate action trajectories across a gradient of abstraction.

3.1 System Overview

The RCP framework consists of two primary components: an Observation Encoder Ey4 and a Re-
cursive Shared Generator Gy (Fig. 2(a)). Unlike flat architectures that resolve all temporal scales
simultaneously, RCP operates through a sequence of refinement levels L € {0,1,..., N}. At each
level, a weight-shared generator (6M) produces a set of action latents that are increasingly grounded
in physical detail. This hierarchical progression (Fig. 2(b)) ensures representational consistency and
mitigates compounding errors, as the global intent established at Level O serves as a stable anchor
for the local motor adjustments generated in subsequent passes.
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Figure 2: Architecture and Recursive Workflow. (a) The Observation Encoder processes visual
and proprioceptive inputs into unified state embeddings via a self-attention mechanism. These em-
beddings serve as queries for the weight-shared Recursive Shared Generator, which integrates envi-
ronmental context with action latents through cross-attention. (b) Action generation is structured as
a hierarchical evolution across increasing temporal resolutions. Level 0 synthesizes sparse trajectory
anchors to establish global task intent. These anchors are then recursively refined through the shared
generator to produce high-frequency motor commands.

3.2 Observation Encoding

To provide a rich contextual foundation for action generation, the Observation Encoder FE
maps multi-modal inputs into a unified token sequence. The image observation [; is processed
through a ResNet backbone and flattened into a sequence of spatial tokens tgpatia1 enriched
with 2D sinusoidal positional encodings. Concurrently, the robot proprioceptive state p, is pro-
jected into a distinct token tyroprio. These heterogeneous tokens are concatenated and contex-
tualized through self-attention layers to form the comprehensive observation sequence: tops =
SelfAttention ([tproprios tspatial]) - tobs acts as the external key-value foundation for the sub-
sequent cross-attention mechanisms within the generator.

3.3 The Recursive Shared Generator

Architecture of Recursive Shared Generator. The core computational engine of our architecture is
the Recursive Shared Generator Gy, which operates as a pure embedding-to-embedding Transformer
designed to infill intermediate trajectory states. For any given segment at refinement level [, the
generator first assembles a unified input sequence x':

Xl = [tlleveb tfl.;tlenﬂ tlstart’ tlend7 tzlnask] . (1)
Within this sequence, a level embedding t;eve1 to indicate the current abstraction scale, and a start
token tgiare that is encoded from the current robot state. To empower the model with open-ended
extrapolation capabilities, the terminal boundary t.,q is stochastically fused with an open-end token
via a structural classifier-free guidance [38] strategy during training. tp.sx comprises & — 1 place-
holders for intermediate waypoints, where k denotes the number of temporal sub-intervals generated
per recursive step. The token titent carries an inherited semantic prior from the parent level (de-
tailed in Eq. 4), which is explicitly initialized as a null token at the root generation level (I = 0).

After injecting standard positional encodings, the sequence 2! propagates through N identical Trans-
former blocks. Each block executes a streamlined computational flow:

x! = SelfAttention(x!), (2)
z! = FFN (CrossAttention(Query =x!, Key/Value = tobs)), 3)
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Figure 3: Quantitative Efficacy in Real-World Deployments. Success rates evaluated on the dual-
arm humanoid platform. Our RCP architecture systematically dominates both monolithic (ACT,
DP) and discrete multi-scale (CARP) baselines, achieving a superior 58% average success rate and
exhibiting pronounced robustness across diverse physical manipulation paradigms.

where first a multi-head self-attention layer establishes internal temporal consistency among the
trajectory tokens; a cross-attention layer then grounds these tokens into the physical environment
by attending over the external observation sequence t,ps; and a standard Feed-Forward Network
(FFN) concludes the block. Following the final layer, the generator directly extracts the updated
representations corresponding to the start and mask positions to formulate the whole waypoint latent.

Latent Aggregation Module. To guarantee semantic continuity for subsequent recursive subdi-
visions, a Latent Aggregation module synthesizes the global profile of the current segment. This
module employs a learnable query q to dynamically attend over the generated waypoint latent z':

t! ... = CrossAttention(Query = q,Key/Value = z!). 4)
The resulting aggregated vector t!_.. . encapsulates the holistic abstract execution profile of the
current trajectory span, serving as the robust parent prior to gracefully bias and guide the child
segments in the next refinement level.

3.4 Hierarchical Action Instantiation

The workflow of RCP is defined by the recursive application of the shared generator Gy to populate
the action manifold, which is illustrated in Fig. 2(b).

Level 0: The Gist of Intent. In the initial pass, Gy receives the global boundaries of the action
chunk. It produces a sparse sequence of K action latents representing the global trajectory sketch.
These latents are passed through an action decoder D, to yield the coarse action sequence:

A® = Dy(2°) = {a¥,a3, ..., a%}. (3)

This level establishes the macro-task logic, providing a stable backbone for the entire movement.

Recursive Refinement: Learning to Grasp. For levels [ > 0, the previously generated actions
serve as relational anchors. Each adjacent pair of actions (a} !, aiﬁ) is recursively re-encoded and
fed back into Gy as the new tspart and tenq tokens. The generator then populates the gaps between
these anchors with higher-frequency action latents. This process repeats until Level N, where the
model outputs the final fine-grained trajectory A" (i.e., AY) ready for execution. By reusing the
same generator across levels, RCP maintains a unified representational space, allowing the model to

refine the global strategy based on local feasibility.

3.5 Training and Inference

Unified Cascaded Training. We optimize the shared recursive generator Gy through a unified
training paradigm with two modes that balance local execution precision with hierarchical stability.



Table 1: Quantitative Results on the RoboTwin 2.0. We report the success rates across 10 chal-

lenging bimanual manipulation tasks. The 1st and results are highlighted.
beat_block hanging place.dual place phone placebread putobject place placecont. movecan pickdiv.
Method _hammer mug _shoes _stand _basket _cabinet _fan _plate _pot _bottles Average
Diffusion Policy [1] 0.42 0.08 0.08 0.13 0.14 0.42 0.03 0.41 0.39 0.05 0.22
ACT [2] 0.56 0.07 0.09 0.02 0.06 0.15 0.01 0.72 0.22 0.07 0.20
o [3] 0.43 0.11 0.15 0.35 0.17 0.68 0.20 0.88 0.58 0.27 0.38
RDT [39] 0.77 0.23 0.04 0.15 0.10 0.33 0.12 0.78 0.25 0.02 0.28
RCP (ours) 0.81 0.31 0.20 0.42 0.33 0.40 0.26 0.81 0.54 0.24 043
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Table 2: Quantitative Results on ManiSkill 3. RCP demon-
Compounding Error gtrates superior performance (0.93) with 100 demonstrations,
8 outperforming baselines (e.g., VAs and large-scale VLAs)
10| [\ 3 trained on 1k demonstrations.
P
op |\ o /\
—acr -\ L/ D
RCP \ timestep Method Demos PickCube-vl PushCube-vl StackCube-vl  Average
E t
0.0 2Bl BC 100 0.00 0.00 0.00 0.00
2, , 1000 0.03 0.81 0.00 0.28
100 0.28 0.30 0.33 0.30
» o ACT2] 1000 0.98 0.89 0.80 0.89
R 100 0.76 0.41 0.61 0.59
CEINY * Diffusion Policy [1I 0o 1.00 0.86 0581 0.89
. . ] DP + VGGT [40] 1000 0.96 091 0.65 0.84
Figure 4: Trajectory Analysis. Par41] 1000 0.73 1.00 0.48 0.74
. OpenVLA [19] 1000 0.08 0.08 0.08 0.08
Our RCP tlghtly tracks the exXpert oo 2] 1000 0.00 0.00 0.00 0.00
(left), effectively bounding tem- _RDT[39] 1000 077 1.00 0.74 0.84
poral L2 deviation and mitigating _RCP (ours) 100 079 LY 009 03]

compounding errors (right).

(a) The segment mode uniformly samples a level [ and a segment s, conditioning the generator
strictly on ground-truth boundaries to predict intermediate waypoints A’. Regulated by Lsegnent =

AL — ftlg |l1, this teacher-forced supervision guarantees high-fidelity local execution (see App. 1).

(b) Conversely, the cascade mode unrolls the entire action tree from root to leaves, dynamically
conditioning intermediate levels on the predicted waypoints of their parent nodes. Evaluated as
Leascade = {::—01 N e AL = AL ||y, where )\, is the weight of level I’s contribution. This mode
explicitly mitigates the compounding errors propagated down the hierarchy (see App. 2).

To synergize these complementary mechanisms, during training, these two modes alternate across
epochs with a frequency-division factor « to optimize both objectives.

Parallel Trajectory Sampling. A profound architectural advantage of RCP emerges during real-
time robotic execution. Traditional autoregressive models require sequential decoding steps that
scale linearly with the total trajectory length. Conversely, RCP naturally supports highly efficient
parallel sampling. At any given refinement depth [, the generation of the intermediate sub-segments
is conditionally independent given their respective boundary anchors. Consequently, all segments
occupying the same hierarchical depth can be batched and evaluated simultaneously in a single
network forward pass. This reduces the requisite network evaluations from an exponential sequence
to an O(L) temporal complexity, enabling RCP to generate exceptionally long-horizon and high-
frequency control signals within strict latency constraints. The algorithm is illustrated in App. 3.

4 Experiments

Our experimental evaluation aims to address three fundamental questions: (1) Does the recursive
cascade paradigm enhance performance across diverse manipulation tasks compared to monolithic
policies (e.g., ACT, Diffusion Policy)? (2) How does RCP maintain robustness and efficiency as
the action chunk horizon scales? (3) Does the internal latent space of the shared generator exhibit a
hierarchical structure that aligns with our cognitive motivation?
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Figure 5: Comprehensive evaluation of our RCP. (a) Success rate comparison against the multi-
scale baselines across distinct manipulation tasks. (b) Inference throughput (log,,) scaling with
increasing action chunk sizes, highlighting RCP’s efficiency advantage. (c) Ablation on action chunk
scaling, showing RCP’s robustness. (d) Generalization of the RCP paradigm across different visual
input modalities. (e) Performance scaling behavior across small, base, and large parameter regimes.

4.1 Comparative Evaluation

RoboTwin. We evaluate RCP on the long-horizon bimanual tasks of RoboTwin 2.0 [15]. As shown
in Tab. 1, RCP achieves a 43.2% average success rate, outperforming monolithic baselines like Dif-
fusion Policy (21.5%) and ACT (19.7%) by a large margin, and even surpassing the massive VLA 7
(38.2%) at a fraction of the computational cost. Fig. 4 confirms that this superior performance stems
from enhanced execution stability, as RCP tightly tracks expert trajectories and bounds temporal L2
deviation to successfully eliminate compounding errors.

ManiSKkill. We evaluate RCP on precision-critical tasks within ManiSkill 3. As shown in Tab. 2, our
compact policy achieves a 93.0% average success rate, outperforming ACT (89.0%), DP (89.0%),
and RDT (84.0%) even when these baselines are trained on 10x more demonstrations. These results
confirm that recursive latent progression provides a superior paradigm, mastering complex trajecto-
ries without requiring massive parameter counts or excessive data.

Real-world Tasks. Evaluated on the dual-arm Tien Kung 2.0 humanoid platform (Fig. 3), RCP
achieves a commanding 58% average success rate, outperforming baselines by 19%. Specifically,
RCP excels in both bimanual coordination (65% on Transfer Tape) and high-precision articula-
tion (80% on Open Drawer), conclusively validating its robust physical execution.

4.2 Ablation Studies

Policy Execution Superiority. We evaluate RCP against CARP [34] and HiFlow [43], two repre-
sentative multi-scale action baselines. As illustrated in Fig. 5(a), our method delivers vastly superior
execution reliability across diverse manipulation tasks. In the highly demanding Move Can scenario,
RCP achieves a 54% success rate compared to a 42% for HiFlow and a mere 8% for CARP.

Inference Efficiency. A primary advantage of RCP is its computational efficiency during execution.
Fig. 5(b) benchmarks throughput against established methods across increasing action chunk sizes.
While dense iterative models suffer from severe latency degradation, RCP maintains exceptionally
high throughput (e.g., 55 Hz for the 16-action chunk) due to its linear complexity.

Horizon Scaling Robustness. We investigate the stability of RCP across extending prediction hori-
zons by varying the action chunk size from 16 to 100. As illustrated in Fig. 5(c), execution fidelity
remains remarkably consistent across all evaluated tasks regardless of the generated sequence length,
confirming the inherent temporal robustness of the RCP framework.

Modality Independence. We investigate the architectural flexibility of RCP regarding distinct vi-
sual representations. Because RCP functions as a general policy paradigm rather than a modality-
specific feature extractor, it natively accommodates diverse sensory inputs. Fig. 5(d) reports the
competitive success rates when conditioning the policy on 2D images versus 3D point clouds.

Capacity Scaling. We characterize the scaling properties of RCP by training three model variants:
small (12.8M), base (19.8M), and large (70.3M). Fig. 5(e) maps the success rates on three evaluation
tasks as a function of parameter count. The consistent upward trajectory across all tasks verifies
predictable scaling behavior, positioning the recursive cascade architecture as a highly promising
paradigm for deployment within next-generation, large-scale robot foundation models.



4.3 Qualitative Analysis and Interpretability

Visualizing Hierarchical Spatial Refinement. To
empirically validate the generation mechanism, we
visualize the unrolling of 2D trajectories (Fig. 6)
across recursive cascades. At the initial level, the
model predicts a sparse set of global anchors that de-
lineate the macroscopic intent. As the cascade de-
scends to the local level, these structural anchors are
systematically populated with dense, granular motor
actions. This explicit spatial dependency provides
clear evidence of the hierarchical refinement process
intrinsic to RCP, demonstrating how broad trajectory

Global anchor
Local action

View vertical

-0.03 -0.01
View horizontal (m)

Figure 6: Visualization of hierarchical
action instantiation. Global anchors es-
tablish the macroscopic intent, guiding the
dense sequence of local actions.

priors are grounded into precise physical executions.

Latent Representation Analysis. To elu-

cidate the internal mechanisms of our hi-
erarchical cascade, we visualize its la- .
tent action space using UMAP. Fig. 7 de- 20-
lineates the spatial relationship between
the initial global waypoint latents, repre-
sented as distinct nodes, and the continu-
ous distribution of their recursively gener-
ated intermediate sub-segments, depicted
as the shaded density manifold. The pro-
jection exposes a highly structured repre-
sentational topology. The sparse global
anchors first establish a macroscopic tra-
jectory sketch. Driven by the shared gen-
erator, these global latents systematically
transition along a clear refinement flow, ul-
timately converging into the dense local
execution manifolds highlighted in the in-
set. This observable dynamic provides direct mechanistic evidence of how the architecture progres-
sively grounds high-level spatial intentions into high-resolution physical executions.
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Figure 7: UMAP projection of the latent action
space. Initial predictions establish a global intent,
which are systematically guided along a clear refine-
ment direction into precise local motor actions.

5 Limitations

The current RCP has several limitations. First, our framework currently utilizes fixed temporal inter-
vals for action anchoring. Future research should investigate adaptive cascade structures that learn
to identify semantic key latent or goal representation. Second, although RCP exhibits exceptional
performance in a compact parameter regime, its integration with the latest VLA and WAM models
has yet to be explored. Future work will investigate RCP as a unified pre-training or fine-tuning
protocol to bridge the gap between massive semantic priors and high-fidelity robotic execution.

6 Conclusion

In this work, we introduced the Recursive Cascade Policy as a fundamental architectural shift for
visuomotor policy learning. By formulating trajectory synthesis through structured hierarchical cas-
cades rather than sequential autoregression or iterative denoising, our method resolves the enduring
conflict between inference speed and execution fidelity. We demonstrated that framing action gen-
eration as conditionally independent temporal infilling allows a highly compact model to achieve
efficient parallel decoding. Extensive experiments on both simulation and real-world demonstrate
RCP’s robustness across extended prediction horizons and diverse modalities. As the field transi-
tions toward massive foundation models, the recursive paradigm offers a proven and computationally
viable pathway to deploy real-time embodied intelligence in complex physical environments.
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Appendix Overview

The appendix provides supplementary materials, extended analyses, and comprehensive implemen-
tation details to support the main text. It is structured as follows:

1. Detailed Experiment Settings — Comprehensive configurations for both simulations and
real-world robotic deployments, including hardware specifications and hyperparameter se-
tups.

2. Real-world Robot Settings — Detailed robot and task settings for real-world deployment.

3. Efficiency Testing — Quantitative benchmarking of computational footprint and inference
latency, comparing our RCP against established one-pass monolithic architectures.

4. Detailed Real-World Trial-Level Results: A transparent and granular breakdown of raw
execution counts and empirical success rates across all physical deployments on the dual-
arm platform.

5. Extended Multi-Scale Policy Comparison: A rigorous architectural analysis and empir-
ical benchmark contrasting RCP with the latest multi-scale generation paradigms, specifi-
cally CARP and HiFlow.

6. Algorithmic Implementation Details — Complete algorithmic pseudo-code delineating
the dual-mode training procedures (segment mode and cascade mode) and the recursive
inference pipeline.

7. Comprehensive Visualizations — Extended sequential execution rollouts across all simu-
lated benchmarks and physical manipulation tasks.

8. Detailed Literature Review — An expanded discussion focused on the latest vision-action
(VA) models, vision-language-action (VLA) models, and world-action-model (WAM).

A Experiment Settings

A.1 Simulation Experiments

Base Settings. We train on expert demonstrations and evaluate with closed-loop rollouts in the
simulator. Actions are joint positions (qpos) with task-specific dimensionality. Training mixes seg-
ment mode and cascade mode supervision with a frequency ratio of 0.8. (All experiments use a ratio
of 0.8 unless noted elsewhere) We use AdamW (51=0.9, 52=0.95), cosine learning-rate decay with
40 warmup epochs, gradient clipping at 3.0, and L1 losses on joint and gripper dimensions. Actions
are z-score normalized using training-set statistics. At deployment, we apply ACT-style temporal
ensembling with decay 0.01 over overlapping 16-step prediction chunks.

RoboTwin. We evaluate on RoboTwin 2.0. The robot is an ALOHA-style dual-arm setup with
a 14-dimensional action vector: left arm (6) + left gripper (1) + right arm (6) + right gripper (1).
Observations consist of a single head RGB camera at 224 x224 (ResNet-18 backbone) and current
proprioception. Raw RoboTwin HDFS5 episodes are converted to our training format by concate-
nating joint actions and decoding JPEG camera frames. We use 50 expert demonstrations per task
unless stated otherwise.

We adopt the base architecture preset: tree depth L=2, branching factor k=4, output hori-
zon kL=16, embedding dimension 256, 8 attention heads, and 6 transformer blocks. Training
runs for 20,000 epochs with batch size 64, learning rate 10~%, weight decay 0.05, and Batch-
Norm freezing enabled. Evaluation uses the official RoboTwin eval_policy.py script with
instruction_type=unseen. We report success rate over 100 valid test episodes per task. For
the point-cloud RCP variant, we replace RGB with 128 xyz point-cloud tokens (3D input, centered
coordinates) and train with batch size 50 on the same 50-demo protocol across three manipulation
tasks.
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MainSKkill. We additionally benchmark on three ManiSkill tasks: PickCube-v1, PushCube-v1,
and StackCube-v1. For each task we collect 100 expert trajectories and train one task-specific pol-
icy with the same base configuration as above (L=2, k=4, 16 waypoints, embed dim 256, 8 heads,
6 blocks). We use random-segment ratio as 0.6, 0.5, and 0.5, respectively. All other training hyper-
parameters match the default RCP settings in Sec. A.1. Evaluation follows the standard ManiSkill
success criterion for each task.

Ablation on Model Scaling. We study model capacity on three RoboTwin tasks:
pick._diverse_bottles, put_object_cabinet, and place_container_plate. We com-
pare three presets while keeping the image observation pipeline, optimizer, and training schedule
fixed:

Preset L Horizon (k*) Embeddim Heads Blocks Param. (M)

small 2 16 128 4 4 12.84
base 2 16 256 8 6 19.76
large 3 64 512 8 12 70.34

Table A.1: Model presets for the scaling ablation. All presets use k=4 and a bidirectional generator.

Training uses 20,000 epochs, seed 42, learning rate 10—, backbone learning rate 1075, random-
segment ratio 0.8, breadth-first batch size 8, and z-score action normalization. Batch sizes are
50 to fit GPU memory. Evaluation follows the RoboTwin protocol above (100 episodes, unseen
instructions).

A.2 Real-World Experiments

We evaluate on four tasks collected on a Tienkung dual-arm platform (station 29): finding packaging
tape and placing it in a basket, opening a white solid-wood drawer, pick-and-weigh, and stack-bowl.
Demonstrations are stored as per-episode HDFS files under a shared data root.

Data processing. Each trajectory is stored as trajectory.hdf5 with aligned puppet joint
streams and JPEG-compressed RGB frames from camera_top, camera_left, and camera_right.
Trajectories are sorted by ID. We use the first 100 trajectories for training and trajectories 100-109
for validation. Single-arm tasks (drawer opening) use an 8-DoF action vector: 7 arm joints plus
1 gripper value. Bimanual tasks use 16 DoF in the order [left arm (7), left gripper (1), right arm
(7), right gripper (1)]. States and actions are z-score normalized on the training split (o clipped at
1079). Images are decoded from JPEG, converted to RGB, and resized with area interpolation. For
our RCP, raw HDF?5 files are preprocessed once into RCP-native episodes containing /trajectory,
/qpos_init, and /images/camera_top at 224 x224.

Training settings. All image policies share a unified protocol unless noted: prediction horizon
H=16, batch size 128, 100,000 optimizer steps, seed 42, 4 dataloader workers, and checkpoint
milestones at 30k, 50k, 80k, and 100k steps. Validation is capped at 20 batches per epoch; best
checkpoints are selected by lowest validation loss on trajectories 100—109.

* ACT

— Cameras: top, left, right
— Image size: 224>

— Key hyperparameters: ResNet-18; hidden 512; 447 enc/dec layers; chunk 16; Ir
3x10~*; backbone Ir 10~5; KL weight 10

— Optimizer: Unified AdamW (wd 10~%, grad clip 10)
* Diffusion Policy

— Cameras: top (2 obs steps)
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— Image size: 2242
— Key hyperparameters: ResNet-18 UNet; DDPM 100 steps; down dims
(256,512,1024); Ir 3x 104

— Optimizer: Unified AdamW (wd 10, grad clip 10)
* CARP

— Cameras: top + right wrist

— Image size: 84>

— Key hyperparameters: ResNet-18 per camera; VAE trained 10,000 steps; AR depth
16, embed 160; Ir 10~ (AR), 3x10~* (VAE)

— Optimizer: Unified AdamW (wd 10, grad clip 10)

* Recursive Cascade Policy

— Cameras: top

- Image size: 2242

— Key hyperparameters: base RCP architecture; Ir 10~%, wd 0.05; cosine schedule;
100% random-segment; oversample x 20 (= 6667 epochs)

— Optimizer: Native training loop with grad clip 3 and mixed precision

ACT samples chunk mode (gpos; — qpos¢+1:.:+m). DP and CARP use sequence mode with H+1
frames. RCP sets task-specific action_dim (8 or 16) and gripper indices accordingly.

B Real-World Robot and Task Settings

To evaluate the physical efficacy and spatial grounding capabilities of our framework, we deploy
the model on a physical hardware platform featuring the TienKung 2.0 [44] dual-arm robot. As
illustrated in Figure 8, the robotic system is equipped with two 7-DoF manipulators, each fitted with
a Robotiq parallel gripper, providing the dexterity required for complex physical interactions.

Our real-world evaluation suite is explicitly designed to stress-test the policy across varying de-
grees of manipulation complexity. It comprises four distinct tasks, categorized by their reliance on
bimanual coordination versus fine single-arm execution:

* Tape Transfer (find_out_packaging tape_into_the_other_basket): The robot must
extract packaging tape from a cluttered basket and precisely transport it to a designated
target receptacle. This task heavily relies on spatial awareness and bimanual coordination
to navigate structural clutter.

* Weighing Operation (pick_up_weigh): A multi-stage sequential task where the robot
first positions a basket onto a scale and subsequently places a target object inside. It explic-
itly evaluates the model’s capacity for long-horizon planning and synchronous bimanual
execution.

* Bowl Stacking (stack_bowl): The robot utilizes both arms collaboratively to grasp, align,
and stack bowls. This tests the policy’s robustness in maintaining precise relative state
estimation during close-proximity bimanual interaction.

* Drawer Opening (open_white_solid wood_drawers): In contrast to the bimanual tasks,
this evaluates high-precision single-arm manipulation. The robot must accurately grasp the
handle and pull open a solid wood drawer, demanding exact spatial grounding and fine
local motor refinement.

C Efficiency Testing

Experiment Settings. We benchmark end-to-end inference latency on a single NVIDIA A100-
SXM4-80GB GPU with batch size one. All policies use randomly initialized weights and fixed
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Figure 8: Real-world experimental setup and task suite. The TienKung 2.0 dual-arm robot exe-
cuting diverse manipulation tasks. The suite comprehensively evaluates both synchronous bimanual

coordination and high-precision single-arm motor control.

Table B.2: Inference efficiency across action horizons H. Latency is the median wall-clock time per

chunk.

Method H Params (M) ms/chunk ms/action Hz/action Hz/chunk
4 19.8 11.7 2.93 342 85.4

RCP (ours) 16 19.8 18.1 1.13 886 55.4
64 19.8 24.6 0.38 2601 40.6

4 106.2 63.3 15.8 63 15.8

ACT [2] 16 106.2 64.1 4.01 250 15.6
64 106.2 64.5 1.01 992 15.5

4 91.5 2155 539 1.9 0.5

DP [1] 16 91.5 2172 136 7.4 0.5
64 91.5 2174 34.0 29.4 0.5

4 30.2 102 25.5 39 9.8

CARP [34] 16 30.2 106 6.61 151 9.5
64 30.3 117 1.83 547 8.5

dummy observations, executed through each method’s native deployment path in its own conda en-
vironment. We report the median wall-clock time over 200 timed forward passes after 50 warmup
iterations. Action horizons are H € {4,16,64}. For RCP we set branching factor k=4 and map
H to inference depth L € {1,2,3} via H = k”, using a shared generator (d=256, 8 heads, 6
blocks; ~19.8 M parameters). ACT follows the image policy in our codebase (ResNet-18 back-
bone per camera, three cameras, transformer encoder depth 4 and decoder depth 7, hidden size
512, feed-forward width 3200; ~106 M parameters). Diffusion Policy uses a ResNet-18 condi-
tional U-Net with 100 denoising steps (=91.5 M parameters). CARP uses depth-16 autoregressive
stages with embedding width 160 and a dual ResNet-18 observation encoder (~=~30.3 M parameters
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at H=64). Latency is measured per chunk (one policy call producing H actions). We also report
amortized latency per action (ms/action = ms/chunk/H), sustained action throughput per replan
(Hz/action = 1000/ms/action), and replan rate (Hz/chunk = 1000/ms/chunk).

Results. Tab. B.2 summarizes the benchmark. RCP keeps a fixed parameter budget while chunk
latency grows sublinearly with H (11.7ms at H=4 to 24.6 ms at H=64), because inference cost
scales with depth L rather than horizon length directly. Amortized cost per action therefore falls
sharply: 2.93 ms/action at H=4 versus 0.38 ms/action at H=64 (341 versus 2601 Hz/action). Chunk
throughput remains high throughout (85.4 down to 40.6 Hz/chunk).

ACT exhibits near-constant chunk latency (=64 ms across all H), yielding 15.5 Hz/chunk but im-
proving amortized action cost only through longer horizons (992 Hz/action at H=64). At H=64,
RCP is 2.6 x faster per chunk than ACT while using roughly 5x fewer parameters. Diffusion Policy
is dominated by iterative denoising: latency stays near 2.15 s per chunk (/0.5 Hz/chunk), roughly
88x slower than RCP at H=64 despite comparable model size. CARP carries a modest parameter
count (=30 M) yet remains 4.8 x slower than RCP at H=64 (117 versus 24.6 ms/chunk), reflecting
sequential autoregressive stages and observation encoding rather than total parameter count alone.
Overall, RCP offers the most favorable trade-off among the baselines: sublinear growth in chunk
latency, strong amortized action throughput at long horizons, and the smallest model footprint.

D Detailed Real-World Trial-Level Results

To provide full transparency into the physical robot evaluations, we report the exact success-to-trial
counts for all 80 deployment runs on the Tien Kung 2.0 Humaniod platform in Tab. D.3. Each of
the four tasks was subjected to 20 independent evaluation trials under varying object placements and
initial configurations.

Across the synchronous bimanual coordination tasks, RCP establishes clear performance margins
over all baselines. Specifically, in the Stack Bowl task, RCP achieves a 50% success rate (10/20),
outperforming the strongest monolithic baseline by an absolute margin of 15%. For the highly
dynamic Transfer Tape task, RCP reaches a peak success rate of 65% (13/20), whereas CARP
drops significantly to 15% (3/20) due to execution failures stemming from discrete quantization. In
the sequential, multi-stage Weigh Apple task, RCP maintains a 35% success rate (7/20), leading
the nearest baseline by 10%.

For the high-precision articulation category, represented by the Open Drawer task, RCP secures
the highest execution fidelity with an 80% success rate (16/20), while ACT and Diffusion Policy
achieve 75% and 50% respectively. Cumulatively, across the entire physical task suite, RCP delivers
a definitive overall success rate of 58% (46/80), reinforcing its robust capability to ground multi-
scale policy learning into reliable real-world motor execution.

Table D.3: Complete Quantitative Results and Raw Trial Counts on the Real-World Robot.

Bimanual Coordination Tasks High-Precision Task
Method Stack Bowl Transfer Tape Weigh Apple Open Drawer Overall
ACT 6/20 (30%) 6/20 (30%) 4/20 (20%) 15/20 (75%) 31/80 (39%)
Diffusion Policy ~ 4/20 (20%) 6/20 (30%) 5120 (25%) 10/20 (50%) 25/80 (31%)
CARP 7/20 (35%) 3/20 (15%) 3/20 (15%) 12/20 (60%) 25/80 (31%)
RCP (Ours) 10/20 (50%) 13/20 (65%) 7/20 (35%) 16/20 (80%) 46/80 (58 %)

E Extended Comparison with Multi-Scale Action Policies

While the fundamental motivation and generative mechanisms of our Recursive Cascade Policy
(RCP) differ significantly from recent Visual Autoregressive (VAR [45]) adaptations in robotics,

20



Table E.4: Quantitative Comparison with Multi-Scale Policies in RoboTwin. Success rates eval-
uated across complex manipulation tasks. RCP demonstrates a decisive and absolute advantage over
both discrete (CARP) and continuous (HiFlow) multi-scale baselines. Entries marked with N/A in-
dicate unavailable data due to closed-source constraints.

RoboTwin Task CARP HiFlow RCP (Ours)
beat_block_hammer 0.08 N/A 0.81
pick_diverse_bottles 0.00 N/A 0.24
place_phone_stand 0.06 N/A 0.42
move_can_pot 0.04 0.42 0.54
click.alarm 0.68 0.69 0.76
place_can_basket 0.00 0.39 0.57

they share a conceptual alignment in addressing multi-scale action generation. To rigorously contex-
tualize our contributions, we provide a detailed architectural contrast and quantitative benchmarking
against the latest state-of-the-art multi-scale policies: CARP [34] and HiFlow [43].

Architectural and Mechanistic Contrast. CARP [34] advances the coarse-to-fine paradigm by
compressing actions through a multi-stage VQ-VAE and modeling the latent sequence autoregres-
sively. However, this approach introduces several critical limitations. First, operating within a quan-
tized discrete space inherently risks quantization artifacts, stripping away the continuous physical
inductive biases crucial for high-fidelity motor control. Second, generating finer scales in CARP re-
quires an expanding attention context that strictly encompasses all preceding coarser scales, leading
to computational bottlenecks. Finally, the framework mandates a fragile two-stage training pipeline
where the action VAE must be trained and frozen prior to optimizing the autoregressive backbone.

More recently, HiFlow [43] attempts to rectify the two-stage training bottleneck by adopting an end-
to-end continuous flow-matching objective. Despite this architectural shift, it remains inherently
tethered to the expanding multi-scale token formulation. In stark contrast, RCP operates entirely
in an explicit continuous space, persisting state via a single continuous latent representation. By
employing a shared recursive generator, RCP explicitly supervises continuous action outputs at ev-
ery cascade level without scaling the attention context. This elegant formulation ensures a strict
correspondence with physical reality while completely bypassing the compounding errors typical of
multi-stage quantization pipelines.

Empirical Evaluation in RoboTwin. To substantiate our architectural advantages, we conduct
rigorous comparative evaluations in the highly dynamic RoboTwin simulation environment. We
structure our evaluation into two distinct task sets to ensure comprehensive and fair benchmarking.
For the first set, we randomly select three demanding manipulation tasks (beat_block hammer,
pick._diverse_bottles, and place_phone_stand) to directly contrast RCP against CARP. For
the second set, we specifically evaluate RCP against both CARP and HiFlow on three identical tasks
reported in the recent HiFlow literature (move_can_pot, click_alarm, and place_can_basket).
This targeted selection ensures a rigorous comparison given the closed-source nature of the HiFlow
codebase.

As summarized in Tab. E.4, RCP establishes an absolute performance superiority across all evalu-
ated dimensions. In the first task set, CARP struggles to ground its discrete latents into successful
physical executions, yielding near-zero success rates. Conversely, RCP achieves a success rate of
0.81 on the highly dynamic beat_block hammer task. In the HiFlow-benchmarked tasks, RCP
consistently dominates both baselines, achieving a 0.76 success rate on click_alarm and 0.57 on
place_can_basket, significantly outperforming the flow-matching adaptations.
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Algorithm 1 Segment Sampling Training

Require: Demonstrations D, shared generator Gy, observation encoder E, waypoint encoder Py,
waypoint decoder D,
Require: Tree depth L, branching factor &, open-end dropout probability p,
1: for each mini-batch B do
2: for each sample in 5 do

3: Sample a random window of &k consecutive waypoints from a demonstration
4: Build trajectory tree; uniformly sample level £ and segment s
5: Extract boundaries (tsart;tena) and Kk ground-truth waypoints AL =
{tstart; az,as, ..., ak}
6: end for
7: M «+ Ey(o) > encode observation — memory tokens
8: Zstart < Py(tstart) > embed start boundary
Zo if segment is open-ended
9: Zend < § Zo if segment is bounded, with prob. p, > open-end dropout
Py(tena) otherwise
10: ey /1 > extract level embedding
11: F < Go(2zstart; Zena, €2, M, D) > k output features
12: Y D,(F) > decode k waypoints
13: Update 6 via Vg E(\A{, Als)
14: end for

F Algorithm

To provide a concrete blueprint for implementation and ensure full reproducibility, we present the
formal algorithmic procedures of our framework in this section. The training phase is governed by
two complementary regimes, detailed as follows: (a) the Segment Sampling Mode in Alg. 1, which
enforces local precision via teacher-forced boundaries, and (b) the Cascaded Refinement Mode in
Alg. 2, which explicitly mitigates inter-layer compounding errors by unrolling the hierarchical ac-
tion tree. Conversely, Alg. 3 outlines the deployment phase, illustrating how the shared recursive
generator dynamically unrolls the action manifold to instantiate hierarchical action sequences during
closed-loop evaluation.
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Algorithm 2 Cascaded Refinement Training

Require: Demonstrations D, shared generator Gy, observation encoder E, waypoint encoder Py,
waypoint decoder D, latent aggregator AGG
Require: Tree depth L, branching factor k, per-level loss weights {\,} KL;OI
1: for each mini-batch B do
2: M «+ Ey(0) > encode observation once

3: Initialise root: Sy < {(tstart = q0, Zend = zo)}, h < o > open-ended, no parent latent
4: for{=0,...,L —1do
5: Lo+ 0; Sppq+ 0
6: ep /1 > extract level embedding
7: for each segment (f:start, fend) € Sy do > boundaries are model predictions
8: Zstart < Py (‘Estart); Zena < Py (fend) or z, if open-ended
9: F « Gﬁ(zstart; Zend, ©¢, Mv h)
10 Y « D,(F) > decode k waypoints: {a1,...,d4x}
11: Lo+=L (Y, Aﬁ) > supervise against ground truth
12: Si41 + Sp1 USPLIT(Y, tena) > predicted waypoints — child segments
13: h < AGG(F) > aggregate latent for children
14: end for
15: end for
16: Update 6 via Vg 25:—01 e Lo
17: end for

Algorithm 3 Parallelized Inference

Require: Observation o, current joint configuration qg € R?, tree depth L, branching factor k

Ensure: Trajectory T = (1, ..., qxe) € RF"xd
I: M« E4(0) > encode observation once
2: Ty + [qo] > segment start waypoints, length N
3: T + [qo] > segment end waypoints, length N
4: b + [TRUE] > per-segment open-ended flag, length N
5: H«— o > carried latent (none at root)
6: for(=0,...,L—1do
7. N+ |Ty > N = k’ segments at this level
8: ey /0 > level embedding
9: Z, < Py(T,) > embed start boundaries

10: fori=0,...,N —1do > embed end boundaries with open-end masking

) , Zo if b[i] = TRUE

H: Zelil {Pw(Te[i]) otherwise

12: end for

13: F < Gy(Zs, Z., e;, M®N H) > batched generator: (N, k, D)

14: Y « D,(F) > decode to (N, k, d): enriched start + k—1 intermediates

15: H + AGG(F).BROADCAST(k) > parent latent — all & children

16: > Rearrange IV segments x k waypoints into Nk child segments:

17: T, « Y.RESHAPE(NE, d) > each predicted waypoint becomes a child’s start

18: forj=0,...,N—1do > assign child end boundaries and open-ended flags

19: fori=0,...,k—1do

20: ifi <k — 1 then > bounded child: end = next sibling

21: T.[jk+i] < Y[j, i +1]; bljk+1i] < FALSE

22: else > last child: inherit parent’s end and open-ended flag

23: T.[jk +i] < T.[j]; b[jk +i] < b[j]

24: end if

25: end for

26: end for

27: end for

28: return T, >k trajectory waypoints, generated in L forward passes
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G Comprehensive Visualizations

In this section, we provide extensive visual documentation of our Recursive Cascade Policy in ac-
tion. To empirically substantiate the quantitative results presented in the main text, we visualize the
sequential rollouts across the complete suite of evaluated tasks.
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Figure 9: Illustration of beat_block_hammer on RoboTwin
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Figure 11: Illustration of move_can_pot on RoboTwin
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Figure 12: Illustration of pick_diverse_bottles on RoboTwin
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Figure 13: Illustration of place_bread_basket on RoboTwin
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Figure 15: Illustration of place_dual_shoes on RoboTwin
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Figure 16: Illustration of place_fan on RoboTwin
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Figure 17: Illustration of place_phone_stand on RoboTwin
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Figure 19: Illustration of click_alarmclock on RoboTwin
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Figure 20: Illustration of place_can_basket on RoboTwin
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Figure 23: Illustration of StackCube-v1 on ManiSkill
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Figure 24: Illustration of real-world task: find out_packaging tape_into_the_other_basket.
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Figure 25: Illustration of real-world task: open_white_solid_wood_drawers.
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Figure 26: Illustration of real-world task: pick_up_weigh.
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world task: stack_bowl.
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H Detailed Literature Review

The landscape of robot learning has undergone a profound transformation in recent years, driven by
the shift from classical modular pipelines to end-to-end sensorimotor policies. Central to this evolu-
tion is the integration of high-capacity architectures and generative modeling techniques, which have
demonstrated unprecedented capabilities in continuous control, spatial reasoning, and open-world
generalization. To systematically navigate these advancements, this section categorizes the recent
literature into two primary paradigms based on their architectural and semantic scope: Vision-Action
(VA) models, which focus on direct, high-fidelity sensorimotor mappings, and Vision-Language-
Action (VLA) models, which leverage large-scale semantic foundations to achieve cognitive, gen-
eralized control across diverse environments and embodiments.

H.1 Vision-Action Models (VA)

Visual-motor control relies heavily on learning robust mappings directly from high-dimensional vi-
sual observations to continuous action spaces. In recent years, both stochastic diffusion processes
and deterministic sequence modeling have driven significant progress in vision-action formulations,
proving that highly capable control primitives can be synthesized without explicit linguistic ground-
ing.

Compact architectures employing convolutional or transformer encoders coupled with diffusion
heads have established a new standard for action generation. Foundational frameworks like Dif-
fusion Policy [1] demonstrated the core efficacy of this approach, which was rapidly expanded by
DP3 [46] to handle 3D point-cloud inputs for superior spatial generalization, and subsequently by
iDP3 [47] to enable humanoid robots to learn from noisy human demonstrations. The architec-
tural efficiency and representational power of these systems are continually refined. Models such
as Mamba Policy [48] introduce linear-complexity backbones, while H®DP [29] explicitly incor-
porates hierarchical structures to bind visual features with action generation. Modality integration
is further enhanced by MCDP [49] and GCP [50], which leverages compositional diffusion for su-
perior performance. To handle specialized and spatially complex tasks, DexDiffuser [51] employs
progressive denoising for multi-fingered grasp synthesis, 3D Diffuser Actor [52] conditions control
on tokenized 3D scene representations, and R&D [53] presents a unified image-action formulation
using ViT encoders.

Overcoming the challenges of long-horizon and structured planning requires dedicated temporal and
kinematic strategies. ALOHA Unleashed [54] trains transformers with a diffusion loss for complex
bimanual skills, ChainedDiffuser [30] connects predicted end-effector keyposes with feasible trajec-
tories, and HDP [28] injects kinematics-aware priors to ensure physical realism. Furthermore, mod-
els like S2-Diffusion [55] and C3DM [56] utilize visual foundation priors and constrained-context
conditioning to resist environmental distractors. To optimize training and inference, Streaming Dif-
fusion Policy [57] and Bidirectional Decoding (BID) [58] accelerate policy synthesis and enable
test-time closed-loop adaptation, while Crossway Diffusion [59] and Equivariant Diffusion Pol-
icy [60] exploit domain symmetries and auxiliary objectives for enhanced sample efficiency.

Beyond iterative denoising, autoregressive sequence modeling has emerged as a dominant non-
diffusion strategy to mitigate compounding errors. Frameworks like ACT [2] predict entire action
sequences, while Chunking Causal Transformer [61] introduces trajectory segmentation to improve
stability for long-horizon execution. Spatial grounding remains a critical axis of improvement, with
Act3D [62] and Spatial Policy [63] explicitly modeling scene geometry to align visual predictions
with executable motions. Recently, flow matching has surfaced as a highly efficient alternative
to diffusion. Frameworks including ManiFlow [64], Flow Matching Policy Gradients [65], and
VITA [66] enable dexterous action synthesis in minimal steps and seamlessly integrate with rein-
forcement learning. Finally, physical consistency and safety in VA models are bounded by mech-
anisms like DynaGuide [67], which incorporates external dynamics feedback, and Latent Policy
Barrier (LPB) [68], which formulates implicit safety boundaries to distinguish in-distribution states
from out-of-distribution risks.
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H.2 Vision-Language-Action Models (VLA)

As robotic systems transition toward open-world generalists, integrating semantic reasoning with
low-level control has catalyzed the development of Vision-Language-Action architectures. By lever-
aging large-scale foundation models and broad cross-embodiment corpora, these systems marry
deep semantic understanding with probabilistic or autoregressive action generation. Language mod-
els frequently act as high-level cognitive engines that synthesize plans and decompose tasks, dele-
gating precise motor execution to specialized action heads.

The integration of pretrained semantic knowledge fundamentally alters how policies are structured.
Models like MDT [69], StructDiffusion [70], and PlayFusion [71] fuse object-centric transform-
ers with downstream execution, while systems like ROSIE [72] exploit text-to-image diffusion for
aggressive, targeted data augmentation. To tighten the loop between high-level reasoning and low-
level control, compositional planning stacks such as HiP [73] and Plan Diffuser [74] compose expert
LLMs for task planning with video diffusion for trajectory proposals, autoregressively emitting tex-
tual subgoals that translate into visual targets. To maximize efficiency, TinyVLA [75] freezes a
multimodal backbone and applies parameter-efficient tuning to produce accurate actions with mini-
mal computational overhead.

The pursuit of cross-embodiment generalization has spurred massive pretraining initiatives on het-
erogeneous robot datasets. Frameworks like Octo [42], Diffusion-VLA [76], and LAPA [77] ag-
gregate massive datasets from the Open X-Embodiment repository, training transformer backbones
to map multimodal instructions directly to action tokens across drastically different hardware plat-
forms. Data scaling is equally pivotal in non-diffusion generalists, where the lineage of RT-1 [18],
RT-2 [78], and RT-X [79] demonstrates that transferring web-derived vision-language knowledge
into control establishes state-of-the-art performance bars. Models like ChatVLA [80] and RDT
1&2 [39, 81] advance this paradigm by co-training on both robotic execution and abstract reasoning
data, utilizing mixture-of-experts routing to prevent task interference while unifying action spaces
across heterogeneous embodiments.

Modern VLA architectures are increasingly blurring the lines between discrete reasoning and con-
tinuous control. The 7y [3], 7.5 [21], and 7 7 [22] frameworks couple pretrained vision-language
backbones with flow-matching action experts for precise manipulation and broad generalization.
HybridVLA [82] unifies the continuous nature of diffusion with the contextual reasoning of au-
toregression within a single large language model. Spatial and relational reasoning are elevated by
systems like 3D-VLA [83], LEO, and SpatialBot [84], which ground multimodal cognition in 3D
environments. Furthermore, dual-system approaches like GROOT N1 [85], Galaxea GO [86], and
RoboDual [32] separate yet synergize multimodal planning and low-level execution for humanoid
robots. Finally, constraint-driven representations such as ReKep [87] and VoxPoser [88] leverage
large language models to extract affordances and spatial rules from natural language, dynamically
composing 3D value maps that guide robotic interactions. Ultimately, these advanced VLAs con-
verge on a unified recipe where language models structure objectives, generative processes synthe-
size trajectories, and massive pretraining supplies the indispensable semantic and physical priors
required for true open-world adaptability.

H.3 World-Action Models (WAM)

The pursuit of truly autonomous agents has catalyzed the emergence of World-Action Models
(WAM), a paradigm that extends beyond reactive control by explicitly internalizing the physical
dynamics of the environment. Pioneered by frameworks like UniPi [89], which frames sequential
decision-making as a text-conditioned video generation problem, this lineage posits that predicting
future visual states is fundamentally intertwined with robust action synthesis. By explicitly forecast-
ing the consequences of interactions, these models construct a predictive understanding of the world
that serves as a powerful prior for grounded manipulation and navigation.

Building on this generative foundation, early approaches decouple or tightly couple the prediction
and execution phases. Methods such as Gen2Act [90] leverage zero-shot human video generation
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to synthesize a visual plan, which subsequently guides a conditioned policy during execution. Con-
versely, unified architectures optimize for both modalities in an end-to-end manner. GR-1 [91]
introduces a GPT-style formulation that takes language instructions, historical observations, and
robot states to simultaneously predict continuous motor commands and future image sequences.
This dual-objective learning is further advanced by WorldVLA [92] and RynnVLA-002 [93], which
explicitly leverage the synergy between action and image understanding to capture underlying en-
vironmental physics, thereby significantly improving action generation. Similarly, Lingbot-VA [94]
employs an autoregressive diffusion framework to concurrently learn frame prediction and policy
execution.

Recognizing the immense wealth of physics priors embedded in broad visual data, recent efforts
increasingly exploit large-scale video pretraining. GR-2 [95] demonstrates that pretraining on vast
corpora of Internet videos allows the model to capture universal dynamics before specializing in
robotic tasks. Cosmos Policy [96] elegantly adapts a massive pretrained video foundation model
directly into an effective robot policy through a single post-training stage, requiring no architectural
modifications. Along a similar trajectory, DreamGen [97] repurposes advanced image-to-video gen-
erative models to synthesize photorealistic task executions across novel environments, while Genie
Envisioner [98] utilizes a large-scale, instruction-conditioned video diffusion space to capture the
spatial, temporal, and semantic dynamics of real-world interactions. Pushing this integration fur-
ther, DreamZero [99] builds its entire WAM architecture directly upon a pretrained video diffusion
backbone, maximizing the transfer of visual-temporal knowledge to the control domain. Dream-
Dojo [100] chooses another way that learns diverse interactive dexterous controls from egocen-
tric human videos. GigaWorld [101] proposes an action-centered training paradigm without over-
reliance on explicit video synthesis.

However, integrating high-dimensional video forecasting with low-dimensional action spaces intro-
duces significant modality conflicts, prompting sophisticated architectural innovations. DUST [102]
resolves this through a dual-stream diffusion mechanism, handling the inherent divergence be-
tween modalities and elevating performance across diverse tasks. Mixture-of-Experts designs have
also proven highly effective; Motus [103] and MotuBrain [104] leverage three-stream Mixture-of-
Transformers architectures combined with UniDiffuser-style scheduling to orchestrate flexible, joint
modeling of visual understanding, video generation, and action synthesis. To manage the compu-
tational overhead of these complex systems, Fast-WAM [20] retains the representational benefits
of video co-training but strategically bypasses future prediction during test-time inference. Mean-
while, RoboDreamer [105] tackles complexity by factorizing video generation to learn a highly
compositional world model, and Flare [106] enables diffusion transformers to anticipate latent rep-
resentations of future observations, facilitating nuanced, long-term temporal reasoning without the
burden of pixel-perfect rendering.

The culmination of these advancements is realized in large-scale, unified frameworks that estab-
lish a closed perception-prediction-action loop. Models like Vidar [107] and DreamVLA [108]
pair embodied video diffusion priors with inverse dynamics models, seamlessly translating fore-
casted world knowledge into executable motor commands. Act2Goal [109] similarly integrates
a goal-conditioned visual world model with multi-scale temporal control for robust, generalized
manipulation. At the frontier of architectural scaling, LDA-1B [110] and Unified World Models
(UWM) [111] demonstrate that universal embodied data ingestion—jointly optimizing dynamics,
policy, and visual forecasting—yields immensely capable robot foundation models. Alongside them,
CoT-VLA [112] scales to billions of parameters, fluently generating intertwined visual and action to-
kens to master complex embodied reasoning and secure state-of-the-art performance across dynamic
environments.
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