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Reactive VLAs: Chunking Action Output, Snapshot VL Input
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Fig. 1: (a) The prevalent approach in Vision-Language-Action models predicts action chunks based only on the current snapshot of information.
It discards the temporal context and drops the state update within an action chunk execution, leading to reactive, memoryless prediction. (b)
In contrast, we propose AR-VLA that leverages an autoregressive action expert that maintains its own history through a long-lived memory
with inherent context-awareness. Visual-language conditions are updated asynchronously without interrupting the action stream.

Abstract—We propose a standalone autoregressive (AR) Action
Expert that generates actions as a continuous causal sequence
while conditioning on refreshable vision-language prefixes. In
contrast to existing Vision-Language-Action (VLA) models and
diffusion policies that reset temporal context with each new
observation and predict actions reactively, our Action Expert
maintains its own history through a long-lived memory and is
inherently context-aware. This structure addresses the frequency
mismatch between fast control and slow reasoning, enabling effi-
cient independent pretraining of kinematic syntax and modular
integration with heavy perception backbones, naturally ensuring
spatio-temporally consistent action generation across frames. To
synchronize these asynchronous hybrid V-L-A modalities, we
utilize a re-anchoring mechanism that mathematically accounts
for perception staleness during both training and inference.
Experiments on simulated and real-robot manipulation tasks
demonstrate that the proposed method can effectively replace
traditional chunk-based action heads for both specialist and
generalist policies. AR-VLA exhibits superior history awareness
and substantially smoother action trajectories while maintaining
or exceeding the task success rates of state-of-the-art reactive
VLAs. Overall, our work introduces a scalable, context-aware
action generation schema that provides a robust structural
foundation for training effective robotic policies.

I. INTRODUCTION

The “next-token prediction” paradigm has emerged as one
of the primary engines of modern artificial intelligence. Large-
scale autoregressive models, such as LLMs [3]] and VLMs [2]],
demonstrate that the synergy of causal sequence modeling,
scalable attention, and massive computation is essential for
the appearance of emergent reasoning and robust generaliza-
tion. Naturally, this paradigm is now being extended from

sequences of words to sequences of actions via Vision-
Language-Action (VLA) models. However, while recent VLA
architectures (e.g., OpenVLA [7]], RT-2 [13]], Pi-0-FAST [101])
are frequently labeled “autoregressive”, this terminology is
deceptive in the context of robotic control. These models
utilize autoregression only to generate tokens within a single
inference step. Effectively, they do not autoregress across time.

Current state-of-the-art robot learning methods, including
Diffusion Policies [4] and existing VLAs, treat action gener-
ation not as a continuous stream, but as a series of isolated
events. As shown in Fig. [T[a), these models typically employ
“action chunking” [12]: predicting a static block of actions at
once, directly or through iterative denoising. While effective
for short-horizon smoothness, these approaches remain struc-
turally reactive: at every perception step, the model acts as if it
is “waking up” for the first time, re-encoding the visual context
and generating a trajectory chunk without a persistent internal
state of its own perception and action history. Consequently,
they suffer from “Markovian amnesia”, discarding temporal
continuity and degrading fluid control to a series of disjointed,
snapshot-conditioned responses.

We argue that manipulation is not merely a stack of separate
visual-motor snapshots; it is a problem of streaming control.
To act effectively, a policy requires two distinct forms of
awareness: situational awareness (semantic understanding of
“what” is in the workspace and “where” the robot is) and
temporal awareness (kinematic understanding of “what” has
already occurred and “how” the end-effector is accelerating).
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Fig. 2: Performance Overview. (a) Quantitative Results: In both generalist (left) and specialist (right) benchmarks, AR-VLA achieves
competitive or superior performance compared to state-of-the-art policies, including OpenVLA, Flow-Matching (FM), ACT, and Diffusion
Policy (DP). (b) Trajectory Quality: Qualitative visualization of joint trajectories over time reveals that AR-VLA produces significantly
smoother and more kinematically consistent motion compared to reactive baselines that reset context at each step. (c) Long-Horizon Capability:
AR-VLA successfully completes long-horizon tasks where baselines like DP and FM fail due to a lack of temporal context awareness.

While VLMs provide the former, they are structurally ill-suited
for the latter due to their high latency and episodic nature. The
missing piece here is a truly Autoregressive Action Expert —
just as an LLM predicts the next word based on the “flow”
of a conversation, a robot policy should predict the next pose
based on the “momentum” of its trajectory.

By treating action as a “language of motion”, a true Autore-
gressive Action Expert provides three transformative benefits
to the VLA paradigm, as in Fig.2] (1) It is naturally context-
aware, as its internal state captures the causal dependencies of
the entire trajectory rather than reacting to a local snapshot.
(2) It is naturally decoupled from the VLM backbone,
allowing the motor thread to run at high frequencies with
temporal consistency, regardless of perception latency. (3) It
facilitates independent pretraining using only the action
labels, enabling the model to master the syntax of movement
(dynamics, joint constraints, and physical causality) on large-
scale kinematic data before the visual alignment phase.

To realize these potentials, we introduce AR-VLA, a unified
framework that instantiates such an action expert within a
single architecture for both robot specialists and generalists.
As in Fig. [I(b), AR-VLA structurally decouples the high-level
semantic reasoning of vision-language models from the high-
frequency temporal consistency of robot control. Rather than
treating the action head as a dependent appendage of a VLM,
we formulate it as an independent expert that maintains a
continuous, evolving memory of its own history. This design
preserves long-horizon intent while allowing the model to
asynchronously attend to the latest visual-language features
provided by a VLM. This architecture bridges a fundamental
frequency mismatch in robotics, providing a solution one
step closer to the system 1/2 [0, [1] dichotomy: the “brain”
(semantic perception) updates slowly, while the “cerebellum”
(motor control) streams high-frequency commands.

Our core contribution is the formulation of an Autoregres-
sive Action Expert, which treats action generation as a causal
sequence modeling problem across time. By maintaining a
long-lived context of past actions, our model inherently re-
solves the temporal inconsistency and “jitter”” prevalent in reac-
tive policies, outperforming denoise/chunk-based baselines in
trajectory smoothness and long-horizon stability. To instantiate
this expert, we propose two technical pillars: (1) Hybrid Key-
Value (HKV) Cache: A novel Transformer decoder archi-
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Fig. 3: The AR-VLA Framework. The system bridges an VLM
backbone with a autoregressive Action Expert asynchronously. Atem-
poral features from the VLM are explicitly injected with temporal
context via Dynamic Temporal Re-anchoring (DTR). Within the
Hybrid KV Cache, re-anchored VL tokens (green) serve as a semantic
prefix to the rolling kinematic history (orange). The Action Expert
generates future action sequences by querying this shared cache using
incrementally advancing step embeddings.

tecture that manages two distinct memory streams: a rolling,
token-wise FIFO for high-frequency actions and a block-
wise, refreshable buffer for low-frequency visual semantics.
This allows the action stream to function as an independent
expert that is “guided” rather than “blocked” by perception.
(2) Dynamic Temporal Re-anchoring (DTR): We solve the
synchronization challenge of asynchronous streams via DTR,
a mechanism that explicitly anchors visual keys based on their
capture-time index. This ensures the model mathematically
understands the “staleness” of a visual frame, bridging the gap
between short-context training and long-horizon inference.

II. METHODOLOGY

We formulate robot trajectory generation not as a stateless,
reactive mapping, but as an autoregressive (AR) sequence
modeling problem. Standard Vision-Language-Action models
(VLAs) suffer from a Markovian bottleneck—re-inferring in-
tent at every step—which causes jittery control. Our proposed
AR-VLA overcomes this by explicitly conditioning future
actions on a continuous kinematic history alongside the most
recent visual-language (VL) prefix, ensuring smooth control
and robustness to visual latency.

Unified Decoder and Hybrid Cache: AR-VLA is instantiated
as a unified Transformer decoder that decouples perception
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Fig. 4: Heterogeneous FIFO Update Rules for the Hybrid KV
Cache. The framework manages memory through two distinct queue-
ing strategies to ensure efficient context utilization. The VL Stream
(green) operates as a short-lived, block-wise FIFO: In contrast,
the Action Stream (orange) maintains a token-wise rolling FIFO,
continuously appending the single latest action prediction while
evicting the oldest kinematic state.

and control via a Hybrid Key-Value (HKV) Cache. This cache
manages two distinct memory streams: a rolling, token-wise
buffer for continuous proprioceptive history, and a single-slot,
refreshable snapshot for atemporal VL embeddings provided
by the VLM backbone.

Dynamic Temporal Reanchoring (DTR): To temporally
align the high-frequency motor thread with asynchronous
semantic updates, we introduce DTR. DTR leverages Ro-
tary Positional Embeddings (RoPE) to mathematically encode
the relative data staleness between an action query and the
previously captured VL context. This shift-invariant property
ensures the attention mechanism generalizes perfectly to vary-
ing temporal offsets, resolving the discrepancy between short
training horizons and extended real-world deployment.
Training and Inference: The framework is trained in two
phases: an action-only pretraining phase to master kinematic
syntax, followed by a VL-action alignment phase utilizing
stochastic historical dropout to force visual grounding. During
deployment, the decoupled HKV cache enables an asyn-
chronous dual-thread execution mode. The action thread au-
toregressively generates high-frequency control while the per-
ception thread asynchronously pushes updates to the semantic
cache, guaranteeing uninterrupted actuation independent of
VLM inference delays.

III. EXPERIMENTS

Our evaluation demonstrates that AR-VLA provides a com-
petitive, highly efficient alternative to existing action experts,
offering superior history awareness and high-frequency con-
trol. We assess its performance across generalist and specialist
policies, inference efficiency, long-horizon temporal ground-
ing, and architectural ablations.

SimplerEnv & Real-World VLA: As detailed in Tab. [I| and
Fig. [0l AR-VLA achieves state-of-the-art zero-shot transfer.
In SimplerEnv, it reaches a 61.5% average success rate,
outperforming the next-best baseline (CogACT, 52.1%) and
identical-scale chunking models (Pi-0.5, 51.0%). In real-world
WidowX deployments, AR-VLA achieves an 89% average
success rate. Crucially, its inherent temporal awareness allows
for graceful recovery and re-grasping upon initial failures,
unlike reactive baselines that exhibit erratic, irrecoverable
motions.

System Efficiency: By structurally decoupling the high-
frequency control thread from the VLM, AR-VLA maintains

TABLE I: BridgeV2 Pretraining to SIMPLER Simulation
Success Rate (%). Evaluated on the Visual Matching setting.
AR-VLA significantly outperforms standard predictive models
(OpenVLA, Octo) and identical-backbone chunking models
(Pi-O-Fast, Pi-0.5), proving the superiority of AR sequence
generation using historical KV caches.

Model Spoon  Carrot  Block  Eggplant  Average
OpenVLA[7] 0 0 0 4.1 1.0
Octo-Base[9] 12.5 8.3 0 43.1 16.0
Octo-Small[9] 472 9.7 42 56.9 30.0
Spatial VLA[11] 16.7 25.0 29.2 100.0 42.7
CogACT [8] 58.3 375 20.8 91.7 52.1
Pi-0-Fast*[10] 62.5 29.2 20.8 83.3 49.0
Pi-0.5*[5]] 58.3 333 16.7 95.8 51.0
AR-VLA (Ours) 75.0 54.2 20.8 95.8 61.5
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Fig. 5: Inference Smoothness The decoupled architecture of AR-
VLA achieves a highly efficient 46.25ms total effective latency per
action, eliminating the inter-chunk blocking seen in FM and Fast
baselines. Jerk is also the smallest, as showed both qualitatively and
qualitatively showed as joint angle plot during same task execution.

a stable 29ms per-action latency. As shown in Fig. [5] this
eliminates inter-chunk latency gaps, resulting in the lowest
maximum and average jerk during real-world execution.
History-Awareness: Reactive policies inherently suffer from
“temporal amnesia” in long-horizon tasks. We evaluate AR-
VLA on two unobservable-state tasks: PushT2 (Sim) and
Stack3 (Real) (Fig. [7). AR-VLA successfully leverages its
long-lived action KV cache to maintain task intent and mem-
ory of completed sub-goals, succeeding where stateless models
become trapped in oscillatory loops.
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Fig. 6: Zero-Shot Real-World WidowX Performance. Models execute at SHz with the VLM refreshed every 4 actions. Camera poses were
calibrated to ensure 100% baseline success on an in-distribution task (eggplant in sink), followed by testing on challenging layout variants
(4 layouts, 3 repeats). AR-VLA achieves superior zero-shot transfer and unique error-recovery capabilities.

PushT2: Push the Tee-block to visit both goals sequentially. Provide demonstrations where the goals are visited in arbitrary order.
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Stack3: Stack two cups over the battery. Provide demonstrations where the three objects layout is random.
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Fig. 7: History-Awareness Evaluation. PushT2 requires visiting both goals, but which goal has been visited is unobservable midway. Stack3
requires stacking cups over a battery that becomes occluded. Both task require memory of unobservable past states. H donates the context
window length of AR-VLA. Details about task defination, data collection, training and execution in Appendix.
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