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Abstract

Most vision-language-action (VLA) models are reactive: they predict the next
action from the current instruction and observation, implicitly assuming that the
current observation fully specifies the action-relevant state. In embodied control,
however, embodiment-specific factors such as camera-to-robot geometry, robot
calibration, or systematic actuation bias are often hard to identify from a single
observation. As a result, reactive policies cannot reliably disambiguate these
factors in general, overfitting to training environments and generalizing poorly
at deployment. We propose Reflective VLA, which conditions each decision
on a context of observation–action–consequence triplets. Each triplet records
not only what the robot observed and executed, but also how the scene changed
afterward, exposing the deployment-specific mapping from actions to observed
effects. Architecturally, Reflective VLA routes all observation modalities through
the VLM under shared attention, so the action expert reasons directly over past
triplets and the current observation. A block-causal mask enables parallel multi-
frame training without leakage and supports KV-cached real-time inference. On
standard LIBERO and SimplerEnv-Bridge, Reflective VLA preserves strong in-
distribution performance. Under distribution shift on LIBERO-Plus and the harder
LIBERO-Plus-Hard, it improves average success rate by 5.0 and 4.2 percentage
points over a matched reactive baseline. Ablations with a matched history-only
baseline further show that action consequences—rather than additional context
length alone—are the key to cross-environment generalization.

1 Introduction

Vision-language-action (VLA) systems build on pretrained vision-language backbones Bai et al.
[2025a,b], Beyer et al. [2024] and fine-tune on large-scale robot demonstrations Open X-Embodiment
Collaboration et al. [2024], AgiBot-World-Contributors et al. [2025] to produce language-conditioned
control policies Zitkovich et al. [2023], Kim et al. [2024], Black et al. [2025], Li et al. [2024a],
NVIDIA et al. [2025]. By unifying scene understanding, instruction following, and low-level control
in one model, they have substantially broadened the range of manipulation tasks a generalist policy
can perform. Yet despite training on large and diverse datasets, current VLAs still generalize poorly
to deployment environments unseen during training Fei et al. [2025], Zhang et al. [2025a].

Cross-environment generalization in embodied control often requires inferring embodiment-specific
factors that are hard to identify from single observations, such as camera geometry, robot calibration,
and systematic actuation bias. In contrast, the interaction context—an observation, an executed
action, and the resulting observation—exposes these factors through how actions translate into
observed changes: a commanded motion reveals camera extrinsics through its pixel displacement and
calibration offsets through its pose residual. Existing VLAs condition on a single frame, omitting
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Figure 1: From reactive to reflective control. (a) Reactive VLA. Identifying embodiment-specific
latent factors z—camera pose, calibration, etc.—from a single observation Ot is ill-posed: many
z are consistent with the same frame, so At overfits training embodiments. (b) Reflective VLA.
Conditioning on past causal triplets {(Oj , Aj , O

′
j)}j<t, where O′

j is the action-aligned observation
after Aj , rules out deployments inconsistent with the evidence, sharpening P (z | context) and
yielding an At adapted to the current embodiment.

this evidence, so the policy must instead memorize the embodiments seen during training. Recent
temporal-context and memory-based VLAs Liu et al. [2025], Shi et al. [2026] improve state tracking,
but lack explicit action–consequence binding, which is critical for identifying deployment-specific
sensing and control factors.

We therefore cast cross-environment generalization in VLAs as an in-context learning (ICL) problem
over causal interaction triplets. Given a small prompt of such triplets, the policy can infer the current
deployment online from interaction feedback, analogous to how large language models infer task
structure from few-shot demonstrations Brown et al. [2020], Xie et al. [2022]. Instantiating this in a
dual-system VLA raises two challenges. First, the prompt interleaves heterogeneous modalities—
images, proprioception, and continuous action chunks—which must be packed into a causal sequence
without bottlenecking the action decoder. Second, dual-system VLAs must propagate context through
both the VLM prefix and the action expert; naive training repeats forward passes across target frames,
while naive inference recomputes the history prefix at every step, making real-time control costly.

We address these challenges with Reflective VLA, an ICL framework for dual-system VLAs. The
current observation is augmented with a small set of past triplets, each consisting of an observation,
an executed action chunk, and the resulting observation. To pack heterogeneous modalities into a
single causal sequence without bottlenecking the action decoder, all modalities share the VLM token
space and a continuous action expert attends densely to the full prompt under shared attention. To
make ICL training tractable, a block-causal mask supervises all K context frames in a single forward
pass instead of K separate ones. The same causal structure supports KV-cached inference, so the
extended context does not compromise real-time control at deployment.

We evaluate Reflective VLA on standard LIBERO and SimplerEnv, as well as on LIBERO-Plus Fei
et al. [2025] and our extension, LIBERO-Plus-Hard, which target deployment shifts in sensing, em-
bodiment, and layout. Reflective VLA preserves strong standard-benchmark performance, improving
over a matched reactive baseline by 1.1 and 5.3 points on LIBERO and SimplerEnv, respectively.
Under deployment shifts, it improves held-out generalization by 5.0 and 4.2 points on LIBERO-Plus
and LIBERO-Plus-Hard, respectively, without test-time fine-tuning. Ablations show that these gains
come from observation–action–consequence evidence rather than longer context alone.

In summary, our main contributions are:

1. We identify observation–action–consequence interaction context as a key signal for cross-
environment VLA generalization, and formulate it as in-context learning over causal triplets.

2. We introduce Reflective VLA, a dual-system VLA that places multimodal observations and
historical action consequences in a shared VLM token space, with block-causal training and
KV-cached real-time inference.
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3. Across LIBERO, SimplerEnv, LIBERO-Plus, and LIBERO-Plus-Hard, Reflective VLA
improves standard-benchmark performance and held-out deployment generalization over
matched reactive baselines; history-only ablations confirm that aligned consequence obser-
vations are the critical ingredient.

2 Related Work

Vision-language-action models. Recent generalist policies build on pretrained vision-language
backbones and train on large-scale robot datasets to produce language-conditioned control Reed
et al. [2022], Brohan et al. [2023], Zitkovich et al. [2023], Kim et al. [2024], Team et al. [2024].
Architecturally, recent VLAs follow two main designs. One line casts control as autoregressive
prediction over discretized or tokenized actions Zitkovich et al. [2023], Kim et al. [2024, 2025],
Pertsch et al. [2025]. A more recent line decouples high-level reasoning from low-level control
by pairing the VLM backbone with a dedicated continuous action expert based on diffusion or
flow matching—a dual-system design that preserves action fidelity at high control rates Black et al.
[2025], Li et al. [2024a], Wu et al. [2026], Zheng et al. [2026], NVIDIA et al. [2025]. We adopt
this dual-system design and take an orthogonal direction: rather than scaling data or refining the
action representation, we equip a fixed VLA with in-context interaction evidence as a new axis for
cross-environment generalization, without any test-time updates.

Temporal context and memory for robot control. Temporal context is a natural response to
partial observability in robot control. Imitation policies such as ACT, Diffusion Policy, and RDT use
short observation histories and action chunks to stabilize visuomotor control Zhao et al. [2023], Chi
et al. [2023], Liu et al. [2025]; VLA systems such as RoboFlamingo, 4D-VLA, and MemoryVLA
further incorporate visual history, spatiotemporal representations, or explicit memory for language-
conditioned manipulation Li et al. [2024b], Zhang et al. [2025b], Shi et al. [2026]. These methods
improve state estimation, task progress tracking, and robustness to transient perceptual ambiguity.
However, temporal history alone is not equivalent to interaction feedback: existing histories do
not explicitly bind an executed action chunk to its aligned consequence. Reflective VLA therefore
distinguishes temporal context from action-conditioned consequence context, and tests this distinction
with history-only ablations that remove consequence observations from the same historical milestones.

In-context adaptation for sequential decision making. In-context learning provides a complemen-
tary view of adaptation: a sequence model can infer the relevant task or environment from examples
in its context Brown et al. [2020], Xie et al. [2022]. This idea connects to meta-RL Duan et al.
[2016], Finn et al. [2017], Rakelly et al. [2019] and to transformer policies that adapt behavior from
contextual experience at test time, including Decision Transformer, Prompt-DT, and algorithm distil-
lation Chen et al. [2021], Xu et al. [2022], Laskin et al. [2023]. Reflective VLA brings this viewpoint
to embodied VLA control, but uses a different adaptation signal: structured multimodal observation–
action–consequence triplets, without rewards, textual self-reflection, a separate system-identification
module, or test-time parameter updates.

3 Method

Reflective VLA extends a reactive dual-system VLA with an in-context interface over observation–
action–consequence triplets. We first define the reactive formulation, then describe how triplets are
constructed and packed, how the model is trained on them in parallel using a block-causal mask, and
how they are reused during online inference.

3.1 Preliminary: Standard Reactive VLA Formulation

At control step t, let L denote the language instruction, Ot the current multimodal observation, and
At = [at, . . . , at+C−1] an action chunk of horizon C. The observation may include third-person
images, wrist images, and proprioceptive states. A standard reactive VLA predicts the next action
chunk from only the current instruction and observation:

At ∼ πθ(· | L,Ot). (1)

This interface covers recent dual-system VLAs that pair a VLM prefix with a continuous diffusion or
flow-matching action expert. Although their action generation objectives differ, they share the same
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j=1 and the current observation Ot share a single VLM token sequence; a flow-

matching action expert attends to this prefix and denoises Ât into the predicted chunk At. The aligned
consequence O′

j carries the interaction evidence that exposes environment factors.

limitation for our purpose: the action expert conditions on the current observation, but not on past
executed actions and their observed consequences.

3.2 From Reactive to In-Context Generalization

A reactive VLA learns π(At | L,Ot), predicting the next action from the current instruction and
observation. Different deployments may share task semantics but differ in camera-to-robot geometry,
robot calibration, or systematic actuation bias. We summarize these embodiment-specific factors as
an environmental latent variable z, on which the appropriate action depends. Inferring z from a single
observation Ot is ill-posed: the mapping from z to Ot is many-to-one, leaving the policy unable to
disambiguate the current sensing and control conditions.

This missing evidence can be recovered by interaction feedback: when the robot executes an action
and observes the resulting change, the observation–action–consequence relation reveals how the
current deployment responds to commands. Formally, an adaptive policy can be written as a marginal
over the posterior on z:

π(At | L,Ot,H) =

∫
π(At | L,Ot, z)P (z | H) dz, (2)

where H is the interaction context accumulated so far. We do not explicitly estimate z or compute this
integral; the formulation serves only as a motivating abstraction, since transformers can implicitly
approximate such posterior updates via in-context inference Xie et al. [2022].

The key requirement is that H is diagnostic of z. Under an idealized Markov view, if H consists of
interaction triplets, the posterior factorizes as

P (z | H) ∝ P (z)
∏
i

Penv(O′
i | Oi, Ai, z), (3)

where O′
i is the observation after executing action chunk Ai. The likelihood depends explicitly on

how the environment responds to executed actions, so a context containing only (Oi, Ai) pairs cannot
expose the response term and provides limited evidence for identifying deployment-specific factors.

Reflective VLA therefore conditions each decision on interaction context with explicit consequences:

At ∼ πθ

(
At | L,H,Ot

)
, H =

{
(Oi, Ai,O′

i)
}K−1

i=1
, (4)

where H is the observation–action–consequence context.

3.3 Reflective VLA

Observation–action–consequence context. Reflective VLA represents recent interaction history
as structured observation–action–consequence triplets. Each triplet stores the observation before an
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action chunk, the action chunk executed from that observation, and the resulting observation after the
chunk completes. Since the policy predicts C-step action chunks, we define the consequence observa-
tion as O′

i = Oi+C rather than the immediate next frame Oi+1. This action-aligned consequence
better captures the visible effect of the executed action, such as end-effector displacement, residual
control error and etc.

At training time, Ai is the demonstration action chunk and O′
i the observation after the chunk horizon;

at deployment, Ai is the chunk actually executed and O′
i the subsequent observation collected from

the environment. Thus, each stored triplet represents a realized interaction rather than only a planned
transition. We embed each previous action chunk into eight tokens in the VLM token space via a
learned projection gA, and write the resulting prefix tokens simply as Ai. The i-th context element
is then Ti = (L, τi,Oi, Ai,O′

i), where the language instruction L is re-inserted at the start of every
triplet so that each unit is a self-contained (L,O, A,O′) block, matching the per-triplet structure
shown in Figure 3. We refer to these as causal triplets because the action token links a pre-action
observation to its observed post-action consequence.

Multimodal prompt construction. Given historical milestones m1, . . . ,mK−1 and the current
query timestep t, Reflective VLA packs past triplets and the current observation—each prefixed by
the language instruction L—into a single multimodal sequence:

Xin =
[
Tm1 , . . . , TmK−1

, (L, τt,Ot)
]
. (5)

The historical triplets provide evidence about how the current deployment responds to actions, while
the final (L, τt,Ot) block serves as the query for predicting the next action chunk. The current target
action is not inserted into the prefix; it is generated by the continuous action expert.

Shared-attention dual-system architecture. For the action decoder to use interaction context, all
observation modalities must be visible to it. Some dual-system VLAs route only part of the observa-
tion through the VLM backbone or condition the action module on a compressed prefix NVIDIA
et al. [2025], Zheng et al. [2026], which can bottleneck reasoning over (O, A, O’) structure. Re-
flective VLA therefore routes all observation modalities—third-person images, wrist images, and
proprioception—into a shared VLM token sequence. Images are encoded by the visual backbone,
while proprioceptive states and previous action chunks are projected into the token space with a
learned non-linear head. A continuous flow-matching action expert is attached as a suffix that shares
attention with the VLM prefix at every layer, following recent MoT-style VLA designs Liang et al.
[2025], Black et al. [2025], Wu et al. [2026]. The action expert can thus attend directly to prior
observations, prior actions, observed consequences, temporal indices, and the current observation
when generating At.

Block-causal training. In-context conditioning lengthens each training sequence by a factor of K,
so supervising each context position with an independent forward pass would scale training cost as
O(K). We instead borrow the packed-sequence idea from LM training and supervise all K sampled
frames jointly under a block-causal attention mask, which lets every sampled frame act as both
context for later targets and as a prediction target itself within a single forward pass. Because the
same mask supervises positions with 0, 1, . . . ,K − 1 preceding triplets, training naturally covers the
full range of context lengths the model will encounter at deployment.

Sampling and packing. We sample K ordered frames t1 < · · · < tK from a trajectory and pack them
into a single sequence: the first K − 1 form the historical triplets and the K-th is the current query,
but the block-causal mask supervises all K frames jointly. As reflected in Ti, L is re-inserted at the
start of every triplet (and the query block) so each unit is a self-contained (L,O, A,O′) structure, and
special tokens demarcate triplet boundaries so the action expert can unambiguously parse where each
unit begins and ends. Because adjacent action chunks are temporally smooth, a fixed inter-frame stride
invites the policy to extrapolate Atk from past actions rather than learn from observed consequences;
we therefore randomize the stride within a bounded range during training to break this shortcut.

Mask and objective. Each target frame tk is realized by a query slot Âtk in the suffix flow-matching
expert; Figure 3 visualizes the resulting attention pattern as a row in the mask. The query attends
only to

Vtk = {Ttj : j < k} ∪ {(L, τtk ,Otk)}, (6)
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Table 1: In-distribution evaluation on LIBERO and SimplerEnv-Bridge. Success rates (%)
across the four standard LIBERO task suites and the SimplerEnv-Bridge benchmark. † denotes our
reproduced reactive baseline π0.5. “–” indicates the result is not provided.

LIBERO SimplerEnv-Bridge

Method Spatial Object Goal Long Avg Spoon Carrot Cube Eggplant Avg

OpenVLA Kim et al. [2024] 84.7 88.4 79.2 53.7 75.9 4.2 0.0 8.3 45.8 14.6
CoT-VLA Zhao et al. [2025] 87.5 91.6 87.6 69.0 81.1 – – – – –
4D-VLA Zhang et al. [2025b] 93.8 92.8 95.6 86.5 92.2 – – – – –
ThinkAct Huang et al. [2025] – – – – – 37.5 8.7 58.3 70.8 43.8
CogACT Li et al. [2024a] 97.2 98.0 90.2 88.8 93.2 71.7 50.8 15.0 67.5 51.3
InternVLA-M1 Intern Robotics [2025] 98.0 99.0 93.8 92.6 95.9 87.5 67.9 31.3 100.0 71.7
π0 Black et al. [2025] 96.8 98.8 95.8 85.2 94.2 – – – – –
MemoryVLA Shi et al. [2026] 98.4 98.4 96.4 93.4 96.5 75.0 75.0 37.5 100.0 71.9
GR00T N1.5 NVIDIA et al. [2025] – – – – – 82.0 72.0 54.0 63.0 67.8
π0.5 Physical Intelligence [2025] 98.8 98.2 98.0 92.4 96.9 – – – – –

Reactive baseline π†
0.5 97.5 98.2 97.8 94.0 96.9 91.7 79.2 70.8 50.0 72.9

Reflective VLA (ours) 98.4 99.0 98.2 94.6 98.0 95.8 83.3 79.2 54.2 78.2

i.e., all completed prior triplets (each carrying its own copy of L) together with the current language-
prefixed observation. It is masked from the prefix action token Atk and consequence O′

tk
within its

own triplet—both observed only after Atk is executed—and from every subsequent triplet {Ttj : j >

k}; sibling query slots {Âtj}j ̸=k are also mutually masked, so each prediction depends solely on
prefix evidence. The training objective sums the flow-matching action loss over all valid targets:

Ltrain =

K∑
k=1

Lact

(
Atk ;Vtk

)
, (7)

where Lact is the same flow-matching objective used by the base VLA. This yields dense multi-
frame supervision in one forward pass while ensuring that each prediction is conditioned only
on past completed interactions and the current observation. The first target t1 has no preced-
ing triplets and provides reactive supervision, while t2, . . . , tK provide ICL supervision with
progressively longer context, as the staircase pattern along the diagonal of Figure 3 shows.
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k, future triplets and queries are masked,
supervising all targets in one forward.

At deployment, Reflective VLA keeps a rolling
buffer of the most recent K−1 triplets. Unlike
training, where ground-truth action chunks pop-
ulate the historical context, at inference each
triplet stores the policy’s own predicted chunk
Ât together with the observation Ot+C actu-
ally reached after executing it—so the in-context
prefix reflects the realized rollout rather than a
teacher trajectory. At each step, only the new ob-
servation (or triplet, after execution) is encoded;
VLM-side keys and values for past triplets are
cached once and reused, keeping the per-step
inference cost roughly constant.

4 Experiments

We evaluate Reflective VLA along three axes.
First, we test whether adding interaction context
preserves strong in-distribution performance on
standard manipulation benchmarks. Second,
we evaluate robustness under perturbations that
change visual appearance, sensing, or embodiment-specific properties. Third, we ablate the designed
components to illustrate the contribution of the observation–action–consequence structure rather than
from longer context alone.
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Table 2: Robustness under perturbations on LIBERO-Plus and LIBERO-Plus-Hard. Success
rates (%) on LIBERO-Plus (7 standard perturbation categories) and LIBERO-Plus-Hard (2 additional
harder shifts: Multi-camera shift (Camera†) and Robot calibration shift (Rob. Calib†)).

LIBERO-Plus LIBERO-Plus-Hard

Method Camera Robot Lang Light Bg Noise Layout Avg Camera† Rob. Calib† Avg

UniVLA Bu et al. [2025] 1.8 46.2 69.6 69.0 81.0 21.2 31.9 45.8 – – –
π0 Black et al. [2025] 13.8 6.0 58.8 85.0 81.4 79.0 68.9 56.3 – – –
OpenVLA-OFT Fei et al. [2025] 92.8 30.3 85.8 94.9 93.9 89.3 77.6 80.7 72.2 43.1 57.7
MemoryVLA Shi et al. [2026] 93.1 42.1 84.2 95.1 92.7 89.1 77.5 82.0 72.1 49.2 60.7

Reactive baseline π†
0.5 90.0 50.0 94.9 92.0 85.8 90.2 75.0 82.6 74.0 55.2 64.6

Reflective VLA (ours) 95.7 72.9 92.2 92.1 92.0 95.4 73.0 87.6 76.3 61.3 68.8

Table 3: Ablations on the interaction context. Success rates (%) on Camera, Camera†, and Rob.
Calib†; Avg denotes the mean. (a) varies what each context element contains, with K fixed; (b)
varies the number of context elements K with the full (O,A,O′) structure. K=1 corresponds to the
reactive baseline without historical triplets.

(a) Context composition (fixed K).

Context Camera Camera† Rob. Calib† Avg

Reactive (no history) 90.0 74.0 55.2 73.1
O 88.8 73.2 55.0 72.3
O,A 89.1 74.9 57.4 73.8
O,A,O′ 95.7 76.3 61.3 77.8

(b) Context length (full (O,A,O′)).

K Camera Camera† Rob. Calib† Avg

1 90.0 74.0 55.2 73.1
2 93.8 74.6 57.4 75.3
4 96.1 75.7 58.4 76.7
8 95.7 76.3 61.3 77.8

4.1 Experimental Setup

Simulation benchmarks. We evaluate on four simulation settings: (i) LIBERO Liu et al. [2023], the
standard suite of 40 language-conditioned manipulation tasks across Spatial, Object, Goal, and Long,
with a fixed camera and embodiment, used as our nominal in-distribution testbed; (ii) SimplerEnv-
Bridge Li et al. [2024c], which evaluates VLAs trained on the BridgeDataV2 Walke et al. [2023] in the
ManiSkill2 Gu et al. [2023] simulator, providing a real-to-sim transfer setting; (iii) LIBERO-Plus Fei
et al. [2025], which extends LIBERO with seven perturbation categories spanning sensing, language,
and robot–environment configuration; and (iv) LIBERO-Plus-Hard, our diagnostic extension targeting
shifts in the action-to-observation mapping.

A context-diagnostic benchmark. While LIBERO-Plus provides broad perturbation coverage, not
all of its categories are equally diagnostic of interaction-conditioned adaptation: shifts in language, or
background can largely be absorbed by invariances in the pretrained VLM backbones. We therefore
introduce LIBERO-Plus-Hard with two perturbations designed so that single-frame evidence is
insufficient and the action-to-observation mapping must be inferred from interaction:

• Multi-camera shift (Camera† in Table 2). We jointly perturb the extrinsics of all camera
views (third-person and wrist), so no single view preserves the nominal calibration; the
camera-to-robot geometry must be recovered from the pixel-space displacement induced by
past action chunks.

• Robot calibration shift (Rob. Calib† in Table 2). We inject an episode-level systematic
offset between commanded and achieved end-effector motion, simulating calibration error,
actuation bias, or mechanical backlash; this offset is unobservable from a static frame but
recoverable from the residual between commanded actions and their consequences.

Baselines. Our primary baseline, denoted π†
0.5, is a reproduced reactive π0.5 that uses the same

backbone, training data, and network parameters as Reflective VLA but with context length K=1,
conditioning each prediction only on the current instruction and observation. Where available
and protocol-compatible, we additionally report published results for OpenVLA Kim et al. [2024],
OpenVLA-OFT Kim et al. [2025], UniVLA Bu et al. [2025], CoT-VLA Zhao et al. [2025], 4D-
VLA Zhang et al. [2025b], ThinkAct Huang et al. [2025], CogACT Li et al. [2024a], InternVLA-
M1 Intern Robotics [2025], π0 Black et al. [2025], π0.5 Physical Intelligence [2025], MemoryVLA Shi
et al. [2026], and GR00T N1.5 NVIDIA et al. [2025].
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Implementation details. Following π0.5 Physical Intelligence [2025], Reflective VLA adopts a
Mixture-of-Transformers Liang et al. [2025] dual-system design, pairing a pretrained VLM prefix
with a flow-matching continuous action expert as the suffix under shared attention. Unless otherwise
stated, we use action chunk size C=10, context length K=8, corresponding to seven historical triplets
and one query observation, and bounded randomized milestone sampling. Additional architectural
details, hyperparameters, and training settings are provided in Sections A and C.1.

4.2 Main Results
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Figure 4: Latency–accuracy trade-off across
context length K on the perturbation subset.

In-distribution performance. Table 1 shows that
Reflective VLA preserves strong in-distribution
performance on both LIBERO and SimplerEnv-
Bridge. On LIBERO it reaches 98.0% average suc-
cess, achieving state-of-the-art—ahead of the pub-
lished π0.5 (96.9%) and memory-based MemoryVLA
(96.5%)—and outperforming the matched reactive
π†
0.5 baseline by 1.1 points. On SimplerEnv-Bridge,

it reaches 78.2% average success, again achieving
state-of-the-art and improving over the reactive base-
line by 5.3 points; since BridgeData V2 Walke et al.
[2023] spans diverse scenes, embodiments, and view-
points, this gain reflects the model’s ability to exploit
in-context interaction evidence under embodiment-
level variability already present in the training distri-
bution. Performance on the Long suite is also slightly
improved (94.0% → 94.6%), indicating that interaction context does not hurt temporally extended
manipulation. Together, these results show that adding structured interaction context does not
compromise the base policy’s nominal task-solving ability.

Robustness under perturbations. Table 2 evaluates robustness on the seven standard LIBERO-
Plus perturbation categories and two harder shifts in LIBERO-Plus-Hard; MemoryVLA is reproduced
on the same training data as ours for a fair comparison. On LIBERO-Plus, Reflective VLA achieves
87.6% average success, outperforming the matched reactive baseline (82.6%) and strong prior
methods such as OpenVLA-OFT (80.7%). Reflective VLA improves on five of the seven categories,
with the largest gains under Robot (+22.9 pp), Background (+6.2 pp), and Noise (+5.2 pp); both
methods remain strong on language perturbations, where the reactive baseline slightly leads (94.9%
vs. 92.2%). The categories with the largest gains directly affect either the sensing interface or the
robot’s spatial configuration, both of which are difficult to identify from a single frame but exposed
through how past actions translate into observed consequences.

Discussion. The two LIBERO-Plus-Hard shifts further stress-test this hypothesis. Under Multi-
camera shift (Camera†), where the extrinsics of both third-person and wrist views are perturbed,
Reflective VLA improves from 74.0% to 76.3%. Under Robot calibration shift (Rob. Calib†), where
the achieved end-effector motion deviates systematically from the commanded action, it improves
from 55.2% to 61.3%. Together, these two shifts raise the average success rate from 64.6% to 68.8%,
a 4.2-point gain over the matched reactive baseline. Unlike language or appearance perturbations,
both shifts change the relationship between actions and their observed effects, making them difficult
to identify from any single frame. The largest gain appears on Rob. Calib†, where the only diagnostic
signal is the residual between commanded actions and their consequences—directly supporting the
central design of Reflective VLA.

Context composition. Table 3a isolates the effect of context composition with K fixed. Adding
observation history alone (O) yields no improvement over the reactive baseline (72.3% vs. 73.1%), and
adding observation–action pairs without the resulting consequence (O,A) provides only a marginal
gain (73.8%). In contrast, the full observation–action–consequence context (O,A,O′) improves the
average from 73.1% to 77.8%, a 4.7-point gain that is most pronounced on Rob. Calib† (55.2%
→ 61.3%). This supports our hypothesis that the action-aligned consequence O′ provides the key
adaptation signal: temporal context alone, even when paired with the executed action, leaves the
action-to-observation mapping unidentified.
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(a) Real robot setup (b) Camera placement protocol (c) Results on seen and unseen camera setups

Figure 5: Real-world setup. (a) An Agilex Piper arm with RealSense D435i cameras over a tabletop
workspace, with two tasks (place-into-box, place-into-bowl). (b) Third-person camera-placement
protocol: ten placements span the left, front, and right of the workspace; demonstrations cover all ten,
while evaluation uses five seen and five held-out placements drawn from the same regions.

Context length. Table 3b studies the effect of context length. Increasing K consistently improves
robustness, from 73.1% at K=1 to 75.3% at K=2, 76.7% at K=4, and 77.8% at K=8. Most of the
gain is captured by K=4 (+3.6 points over the reactive baseline), with diminishing returns thereafter,
suggesting that a small number of recent interaction triplets already captures most of the useful
deployment-specific evidence.

Latency–accuracy trade-off. Figure 4 reports per-step latency against success rate during inference.
Since past triplets are encoded once and reused, latency grows sub-linearly in K: K=8 is only 1.43×
slower than K=1 (178 vs. 124ms) despite an 8× longer prompt, while K=4 already recovers most
of the accuracy gain at 1.19× baseline latency—a practical operating point when tighter control
rates are required. We cap K at 8 because longer contexts exceed our GPU memory budget during
block-causal training; KV-cached inference itself can scale further.

4.3 Real-World Experiments

We further evaluate Reflective VLA under real-world cross-camera generalization. Following the
protocol in Figure 5, demonstrations cover ten third-person camera placements spanning the left, front,
and right sides of the workspace; at test time we evaluate on five seen and five held-out placements
(N = 25 trials each) without test-time fine-tuning. We consider two tabletop tasks—placing an
object into a large square box (primarily grasping) and into a small bowl (additionally requires
camera-dependent placement). Full protocol details are in Section D.

Reflective VLA preserves performance on seen viewpoints while substantially improving generaliza-
tion to unseen ones. On seen placements, success improves only slightly over the reactive baseline
(88%→92% on box, 68%→72% on bowl), indicating that interaction context does not compromise
nominal performance when camera geometry is covered by training. Under unseen placements, the
reactive baseline degrades sharply (32% box, 16% bowl) while Reflective VLA reaches 76% and
64%. Although the bowl task is harder overall due to its tighter placement tolerance, the gain on
unseen viewpoints (+48 pp) matches the box task (+44 pp), suggesting that reflective context benefits
both grasping robustness and camera-dependent spatial alignment.

5 Conclusion

We cast cross-environment generalization in VLAs as in-context inference over causal triplets
(O, A,O′), enabling adaptation from interaction feedback without test-time fine-tuning. Two findings
support this view: a matched history-only ablation that omits the action aligned consequence O′

recovers little of the gain, showing that context length alone is insufficient; and Reflective VLA closes
a substantial portion of the OOD gap on the simulation and real world generalization environments.
These gains come at constant model size—only a change in how the policy uses its context window.
Scaling context length, extending reflection to longer horizons, and applying this framework to
diverse embodiments are natural next steps.
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Supplementary Material

This supplementary material provides the implementation and experimental details needed to re-
produce Reflective VLA. Section A describes the architecture components, triplet construction,
context-buffer behavior, block-causal masking, and flow-matching inference procedure. Section C
details the training data construction, optimization settings, and evaluation protocol for LIBERO,
LIBERO-Plus, LIBERO-Plus-Hard, and SimplerEnv-Bridge. Section B specifies the two diagnostic
perturbation families used in LIBERO-Plus-Hard. Section D documents the real-world robot setup,
control interface, tasks, and camera-placement protocol. Section E summarizes reproducibility
resources, external assets, and current limitations.

A Implementation Details

A.1 Architecture components

Reflective VLA uses the same model family and training budget as the matched reactive baseline, and
changes only the conditioning interface. We implement it with a dual-system Mixture-of-Transformers
(MoT) architecture: a pretrained VLM encodes the language and multimodal observation prefix,
and a continuous flow-matching transformer action expert is attached as a suffix with shared self-
attention to the prefix. We instantiate the VLM with either PaliGemma-3B Beyer et al. [2024] or
Qwen3-VL-2B Bai et al. [2025a], and use an action expert with hidden dimension 1024. Third-person
and wrist images are processed through the native VLM visual pathway, while proprioceptive states
and historical action chunks are projected into the token space by lightweight two-layer nonlinear
fully connected projectors. Each historical action chunk is represented by eight learned tokens. The
matched reactive baseline uses the same backbone, projectors, action expert, optimizer, and data, but
sets K=1 so that no historical triplets are provided.

A.2 Triplet construction and context buffer

For each control step t, the query input contains the instruction, the current multimodal observation,
and a bounded history of completed interaction triplets. The current observation comprises the
third-person view, left/right wrist views (when available), and the proprioceptive state. For a chunk
horizon C, each historical triplet is stored as

Ti =
(
τi,Oi, Ai,Oi+C

)
, (8)

where Ai = [ai, . . . , ai+C−1] is the executed action chunk, projected by gA into eight learned
action tokens. We use C=10 for LIBERO and SimplerEnv-Bridge, and C=30 for the real-world
experiments.

During training, triplets are sampled only from completed past interactions of the same episode, so
each consequence Oi+C strictly precedes the query. To prevent the model from extrapolating the
target action from a fixed temporal pattern of neighboring actions, we add a randomized stride of
[0, 15] environment steps to the backward spacing.

At inference, the policy maintains a rolling FIFO buffer of completed triplets from the current episode:
after each executed chunk, the newly formed triplet is appended and the oldest is evicted once the
buffer is full. Triplets are drawn from the buffer with a fixed backward stride for deterministic input
layout, and at the start of an episode the model simply conditions on whatever context is available.
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A.3 Prompt packing details

VLM input template

<|im_start|>user {instruction}
# historical triplets
<|frame_start|> <Third-Person OBSi> <Wrist OBSi> <PROPRIOi>
<|action_start|><ACTIONi><|action_end|>
<Third-Person OBSi+C> <Wrist OBSi+C> <PROPRIOi+C> <|frame_end|>
<|frame_sep|> · · · <|frame_sep|>
# current query, no target action or consequence
<|frame_start|> <Third-Person OBSt> <Wrist OBSt> <PROPRIOt>

B LIBERO-Plus-Hard Specification

B.1 Perturbation overview

LIBERO-Plus-Hard extends LIBERO-Plus with two diagnostic perturbation families targeting factors
that are hard to identify from a single frame but directly govern the action-to-observation mapping:
camera geometry and robot calibration. We denote them Camera† and Rob. Calib† in the result tables.
Task semantics, objects, and language instructions are unchanged.

For each rollout, the perturbation parameters are sampled once at the start of the episode and held
fixed throughout. All methods share the same task initializations, seeds, and sampled perturbation
instances, and the success criterion follows the original LIBERO task-completion signal. The latent
perturbation is not exposed to the model but can be inferred from observation–action–consequence
triplets collected during the current episode.

B.2 Multi-camera shift

The multi-camera shift perturbs the visual sensing interface while leaving task, object layout, and
robot dynamics unchanged. For the third-person view, we sample an episode-level camera transform
with azimuth in [−75◦, 75◦], elevation in [0◦, 15◦], distance scale in [1.0, 2.0], and endpoint rotations
in [−10◦, 10◦]. For the wrist view, we sample a field of view in [60◦, 90◦] and one of four image
transforms (identity, horizontal flip, vertical flip, 180◦ rotation), applied consistently throughout
the rollout. Both views remain visually valid but their geometry differs from the nominal LIBERO
setting, so the action-to-pixel mapping must be re-identified online.

B.3 Robot calibration shift

The robot calibration shift perturbs the mapping from commanded actions to the motion executed by
the simulator, simulating systematic calibration error, actuation bias, or mechanical offset. At the
start of each rollout, we sample a fixed calibration bias and apply it to every absolute end-effector
command before stepping the environment. Under the default moderate setting, the translational bias
is sampled independently along each Cartesian axis from [−10, 10]mm, and the rotational bias is a
fixed axis-angle offset with magnitude up to 3◦; the gripper command is unchanged. We only collect
the replayed trajectories that successfully complete the task.

The bias is unobservable from any single frame but recoverable from completed triplets, since the
residual between the commanded action stored in context and the realized next observation directly
reveals it.

C Experimental Protocol

C.1 Training details

Training data construction. For the standard LIBERO and SimplerEnv-Bridge experiments, we
use the official LIBERO demonstrations and BridgeData V2 trajectories, with action targets converted
to absolute end-effector control and a chunk horizon of C=10.
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Table 4: Training hyperparameters. Batch size is reported per GPU; all reported runs use 8 H20
GPUs.

Setting Steps Batch/GPU K

LIBERO reactive baseline 90k 32 1
LIBERO Reflective VLA 50k 4 8
LIBERO-Plus / Hard reactive 50k 32 1
LIBERO-Plus / Hard Reflective VLA 90k 4 8
SimplerEnv-Bridge reactive 80k 32 1
SimplerEnv-Bridge Reflective VLA 160k 6 4

For LIBERO-Plus, we use the released LIBERO-Plus training set and convert the trajectories to
absolute end-effector control via replay. For LIBERO-Plus-Hard, we follow the same replay-based
generation pipeline on the original LIBERO demonstrations, additionally injecting our two diagnostic
perturbations during replay: camera-pose shifts and commanded-action biases. We merge the two
sets and train a single model on the union, yielding 43,546 trajectories in total.

Optimization. All models are trained with AdamW (β1=0.9, β2=0.95, weight decay 0.01, gradient
clipping at norm 1.0) under bf16 mixed precision with DeepSpeed ZeRO-2. The action expert and
projectors use a peak learning rate of 10−4; the VLM uses a 0.1× multiplier and is held frozen for the
initial period in Table 4, after which it follows the same linear warm-up and cosine decay schedule as
the rest of the model.

For Reflective VLA on LIBERO/LIBERO-Plus we use K=8 context frames, and K=5 on
SimplerEnv-Bridge. Adjacent context frames are separated by one action-chunk stride plus a
random gap, sampled from [0, 15] environment steps for LIBERO-family experiments and [0, 5]
for SimplerEnv-Bridge; at evaluation the gap is set to zero for deterministic fixed-stride selection.

C.2 Evaluation protocol

All models are evaluated from a fixed checkpoint without test-time fine-tuning, using the same
pipeline for the reactive baseline and Reflective VLA. For Reflective VLA, the context buffer is reset
per episode and populated online from the policy’s own executed chunks and reached observations.

LIBERO. We evaluate the four official suites (Spatial, Object, Goal, Long) under absolute end-
effector control, with 50 rollouts per task (seed 42) and a horizon of 800 steps (900 for Long). Success
follows the environment’s task-completion signal.

LIBERO-Plus and LIBERO-Plus-Hard. For LIBERO-Plus we evaluate the seven standard per-
turbation categories with one rollout per task; for LIBERO-Plus-Hard we additionally evaluate the
multi-camera shift and the robot-calibration shift (default moderate level) on the LIBERO base suites.
Perturbations are generated deterministically from task and rollout ids, so all methods see identical
instances.

SimplerEnv-Bridge. We evaluate the four WidowX tasks (spoon on towel, carrot on plate, cube
stacking, eggplant in basket) with 24 rollouts per task, reporting per-task success and the unweighted
average.

All tables report success rates in percent, averaged over the reported suites or perturbation categories.

C.3 More qualitative results

In Figure 6, we show the qualitative results of Reflective VLA on LIBERO-Plus-Hard dataset.
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Figure 6: Qualitative results of reflective VLA on LIBERO-Plus-Hard dataset.
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D Real-World Protocol

D.1 Hardware and control interface

We use a tabletop setup with an Agilex Piper arm and Intel RealSense D435i cameras. Each policy
receives the language instruction, the current third-person view, and the proprioceptive state, and
predicts chunked delta end-effector pose and gripper commands with horizon C=30, executed
through the same interface for the reactive baseline and Reflective VLA. For Reflective VLA, the
context buffer is reset per trial and populated online from executed chunks and their resulting
observations; the reactive baseline conditions only on the current observation and instruction. All
hardware, controller, camera streams, and task initializations are identical across methods, with no
test-time fine-tuning or camera-specific calibration.

D.2 Tasks and camera placements

We use two language-conditioned pick-and-place tasks: a box task (placement into a large square
box) and a bowl task (placement into a smaller bowl, requiring tighter spatial alignment). We collect
500 demonstrations across ten third-person camera placements spanning the left, front, and right
sides of the workspace. Evaluation uses both seen and held-out placements from the same regions,
preserving task semantics and hardware while changing camera-to-robot geometry. For each task and
condition, we run five trials per placement (N = 25 total) with matched initial object configurations;
success is judged by a human (target object inside the container at rollout end).

Statistical significance. We report Wilson 95% confidence intervals in Section 4.3. On the box
task, the reactive baseline reaches 88% [70.0, 95.8] (seen) and 32% [17.2, 51.6] (held-out), versus
92% [75.0, 97.8] and 76% [56.6, 88.5] for Reflective VLA. On the bowl task, the corresponding
numbers are 68% [48.4, 82.8] / 16% [6.4, 34.7] for the baseline and 72% [52.4, 85.7] / 64% [44.5,
79.8] for Reflective VLA. On both tasks, the held-out intervals do not overlap, indicating that the
cross-camera generalization gain is significant at the 95% level; seen-placement intervals overlap,
consistent with the small in-distribution gap.

E Reproducibility, Assets, and Limitations

Reproducibility. We provide the codebase for training, evaluation, and perturbation generation
in the supplementary material. Refer to the README for setup instructions, dependency versions,
and dataset preparation steps; benchmarks depending on external assets are linked to their official
downloads rather than redistributed.

Assets. Our simulated experiments build on public assets from LIBERO, LIBERO-Plus, BridgeData
V2, and SimplerEnv. Pretrained vision-language backbones are obtained from their official releases
under their respective licenses. The LIBERO-Plus-Hard perturbations are specified procedurally in
our evaluation scripts (Section B). Real-world experiments use the hardware described in Section D.

Limitations and Future work. Reflective VLA predicts the first chunk reactively, and assumes
consequences are observable within the chunk horizon—delayed effects or contact-rich dynamics
may need longer contexts. Three further constraints stem from our compute and data budget: (i) we
cap context at K=8 frames due to training memory; (ii) providing history can induce a shortcut where
the policy extrapolates from past action chunks instead of reasoning from the current observation,
partially mitigated by frame-boundary tokens and stride randomization; (iii) in-context generalization
benefits from data diversity, so scaling training data should yield further gains. Our real-world study
is also limited to tabletop cross-camera generalization with few trials per condition.

17


	Introduction
	Related Work
	Method
	Preliminary: Standard Reactive VLA Formulation
	From Reactive to In-Context Generalization
	Reflective VLA

	Experiments
	Experimental Setup
	Main Results
	Real-World Experiments

	Conclusion
	Supplementary Material
	Implementation Details
	Architecture components
	Triplet construction and context buffer
	Prompt packing details

	LIBERO-Plus-Hard Specification
	Perturbation overview
	Multi-camera shift
	Robot calibration shift

	Experimental Protocol
	Training details
	Evaluation protocol
	More qualitative results

	Real-World Protocol
	Hardware and control interface
	Tasks and camera placements

	Reproducibility, Assets, and Limitations

