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Abstract

Vision-Language-Action (VLA) models map
visual observations and language instructions
to low-level control actions, but their reliance
on the current observation often limits tem-
poral continuity in long-horizon manipulation.
We propose ProRet-VLA, a temporal reasoning
framework that links prospection and retrospec-
tion through predictive consistency. ProRet-
VLA maintains compact episodic memories
and predicts future observations from tempo-
rally enriched context. Rather than using future
prediction only as an auxiliary target, we use its
prediction error as a self-supervised deviation
signal to train a lightweight Deviation Predic-
tor. During inference, the predicted deviation
conditions token-wise fusion between current
context and retrieved memory, allowing mem-
ory usage to vary across decision stages with-
out accessing future observations. Experiments
on CALVIN ABC-D and LIBERO show that
ProRet-VLA improves long-horizon task com-
pletion, achieving an average length of 4.50
on CALVIN and a 96.7% average success rate
on LIBERO. Real-world experiments on two
long-horizon manipulation tasks further indi-
cate improved temporal progress tracking over
strong VLA baselines.

1 Introduction

Vision–Language–Action (VLA) models have re-
cently achieved strong generalization in robotic
manipulation (Zitkovich et al., 2023; Kim et al.,
2024; Li et al., 2024a; Black et al., 2024; Intel-
ligence et al., 2025), leveraging pre-trained Vi-
sion–Language Models (VLMs) (Bai et al., 2023;
Achiam et al., 2023; Karamcheti et al., 2024) to
directly map visual observations and language in-
structions to actions. Empowered by internet-scale
pre-training, they transcend simple pattern match-
ing to generalize across diverse instructions and
unstructured environments. Despite this progress,
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Figure 1: (a) Vanilla VLA directly maps visual observations
and language instructions to actions. (b) VLA with history
frames integrates a memory mechanism of past observations.
(c) VLA with subgoal explicitly predicts a future image as
an intermediate visual reasoning step prior to action genera-
tion. (d) Our proposed ProRet-VLA bridges prospection and
retrospection through a deviation-conditioned gate, using pre-
dictive consistency to regulate how retrieved history is fused
with the current context for action generation.

their limited temporal modeling capacity causes vi-
sual short-sightedness (Lin et al., 2025), degrading
performance on long-horizon tasks.

Vanilla VLA models (Kim et al., 2024, 2025;
Black et al., 2024) rely solely on current ob-
servations (Fig.1 (a)), causing temporal short-
sightedness that fragments trajectories in long-
horizon tasks. To alleviate this, recent works pursue
two isolated directions: One incorporates episodic
memory (Sridhar et al., 2025; Li et al., 2025b; Koo
et al., 2025; Shi et al., 2025) (Fig.1 (b)), allow-
ing agents to leverage past experiences for cur-
rent decision-making. The other focuses on future
foresight, employing generative world models or
video generation techniques (Zhao et al., 2025; Liu
et al., 2025b; Tian et al., 2025; Zhang et al., 2025)
(Fig.1 (c)), to anticipate future dynamics and guide
proactive planning. However, this isolation over-
looks their interdependence: purely retrieval-based
methods lack active foresight, while isolated world
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models are conversely prone to hallucination with-
out sufficient historical grounding. Consequently,
agents fail to integrate past context with future an-
ticipation, limiting their robustness.

To address these issues, we propose ProRet-VLA
(Prospection and Retrospection for VLAs), a tem-
poral reasoning framework that connects prospec-
tive prediction with retrospective memory through
predictive consistency. Inspired by the role of pre-
diction error in predictive coding (Friston, 2010),
our key idea is not to simply attach a memory mod-
ule to a world model, but to use future prediction
error as a self-supervised signal for regulating when
retrieved history should influence action generation.
As illustrated in Fig. 2, ProRet-VLA first stores his-
torical interactions as compact latent memories,
avoiding the cost of retaining raw observations
while preserving task-relevant temporal context.
It then performs memory-grounded prospection,
where learnable Prospection Tokens predict future
observation features from both the current context
and retrieved history. The resulting prediction er-
ror provides a training-time deviation target, which
supervises a lightweight Deviation Predictor. Dur-
ing inference, the predicted deviation conditions a
token-wise memory fusion gate, allowing the pol-
icy to adaptively balance current observations and
retrieved memories across different decision stages
without accessing future observations. In this way,
predictive consistency serves as a bridge between
prospection and retrospection: future prediction is
not merely an auxiliary objective, but a mechanism
for learning how retrospective memory should be
used in long-horizon control.

The contributions of our work are summarized
as follows:
• We propose ProRet-VLA, a unified temporal rea-

soning framework for robust long-horizon VLA
control that connects prospective future predic-
tion with retrospective episodic memory through
predictive consistency.

• We introduce a deviation-conditioned memory
fusion mechanism. Future prediction error pro-
vides a self-supervised training signal for a
lightweight Deviation Predictor, whose output
regulates token-wise memory fusion during in-
ference without requiring future observations.

• Extensive experiments on the CALVIN (Mees
et al., 2022), LIBERO (Liu et al., 2023) bench-
marks and real-world long-horizon tasks, demon-
strate that ProRet-VLA achieves substantial per-

formance. Our method exhibits superior tempo-
ral coherence and robustness, significantly out-
performing existing baselines in long-horizon
manipulation tasks.

2 Related Work

2.1 Vision-Language-Action Models
Inspired by recent VLMs (Achiam et al., 2023; Bai
et al., 2023) and large-scale datasets (O’Neill et al.,
2024; Ebert et al., 2021; Khazatsky et al., 2024),
VLA models are trending in robot learning. Mod-
els like RT-2 (Zitkovich et al., 2023) and OpenVLA
(Kim et al., 2024) discretize actions for autoregres-
sive prediction, whereas approaches like π0 (Black
et al., 2024), CogACT (Li et al., 2024a), and Hy-
bridVLA (Liu et al., 2025a) adopt diffusion policies
(Chi et al., 2025) to generate continuous trajectories
capturing diverse behaviors. However, most VLA
models remain Markovian, reasoning solely on cur-
rent observations. This temporal short-sightedness
ignores dynamic task evolution, causing incoherent
decisions in long-horizon tasks.

2.2 Temporal Reasoning in Robotics
Though extensively explored in video understand-
ing, temporal modeling remains under-utilized in
VLA architectures. Existing approaches typically
employ one-sided reasoning. One line incorpo-
rates historical context to ground decisions (e.g.,
RoboVLMs (Li et al., 2024b), Octo (Ghosh et al.,
2024), TraceVLA(Zheng et al., 2024), Memo-
ryVLA (Shi et al., 2025)). However, these passive
methods lack generative prospection to anticipate
dynamics. Conversely, another line predicts fu-
ture visual subgoals (e.g., CoT-VLA (Zhao et al.,
2025), Stamo (Liu et al., 2025b), Seer (Tian et al.,
2025), DreamVLA (Zhang et al., 2025)) to simulate
physical outcomes. Yet, without historical ground-
ing, they risk hallucination under ambiguous ob-
servations. To address these limitations, ProRet-
VLA unifies retrospection and prospection. Our
Deviation-Driven Gating mechanism dynamically
bridges retrieval and prediction, enhancing robust-
ness in long-horizon tasks.

3 Method

In this section, we present ProRet-VLA. We first
define the problem setup (Sec.3.1). Next, we intro-
duce our retrieval-based episodic memory module
for retrospection (Sec.3.2 ) and generative world
model for prospection (Sec.3.3 ), followed by the
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Figure 2: Overview of ProRet-VLA. Multimodal inputs (It, Ot, St) are encoded independently. Text tokens and a selected
subset of visual tokens constitute the Current Context, which queries the Memory Buffer to retrieve and fuse historical context
via adaptive gating. The Memory Buffer is updated through consolidation. Prospection Tokens (P) and Action Queries (A) are
appended to the context; P predicts future latent states for foresight, while A generates the action chunk via a diffusion head.

Deviation-Driven Gating mechanism (Sec.3.4 ). Fi-
nally, we outline the diffusion-based action decoder
and joint training objective (Sec.3.5) co-optimizing
policy learning with temporal reasoning.

3.1 Preliminary
Problem Definition. The VLA paradigm aims to
learn a policy π that maps a language instruction It,
the current multi-view image observation Ot, and
the robot’s proprioceptive state St to a continuous
N -step action chunk At = [at, at+1, . . . , at+N−1].
Each action at ∈ R7 is a 7-DoF end-effector com-
mand at = {∆x,∆θ, g}, Formally:

At = at:t+N−1 = π(It, Ot, St), (1)

where ∆x ∈ R3 and ∆θ ∈ R3 denote translational
and rotational offsets (e.g., in axis–angle or Euler),
and g ∈ R is the gripper’s open-close state.

Our key insight is expanding the pre-action tem-
poral receptive field. As shown in Fig. 2, a mem-
ory mechanism augments specific input tokens to
accumulate historical experience for long-horizon
tasks, then a set of learnable tokens P and A are
appended to those multimodal tokens. A unified
model F(·) processes this sequence, decoding the
tokens hpred

t of P to predict future dynamics:

hpred
t = F(Ĩt, Õt, St| P), (2)

and the output tokens of A condition a Diffusion
Transformer D(·) to generate the action chunk:

ât:t+N−1 = D(F(Ĩt, Õt, St,P)| A). (3)

Thus, we complete a Perception–Retrospection-
Prospection–Action loop that is identical during
training and inference.

Model Architecture. We leverage a large lan-
guage model based on GPT-2 (Radford et al., 2019).
We encode language instructions using CLIP (Rad-
ford et al., 2021) text embeddings, visual frames
through a Masked Autoencoder (He et al., 2022),
and proprioceptive signals via several convolu-
tional and fully-connected layers.

3.2 Retrospection via Memory

We denote the Current Context as Ct =
{x1, . . . ,xM} , which contains the multimodal
tokens requiring temporal augmentation at t.
These tokens query a Memory Buffer Bt−1 =
{m1, . . . ,mL}, where each mi stores a compact
representation of prior decision steps, and L de-
notes the buffer capacity. The buffer is updated
within each episode, providing bounded historical
memory without retaining raw observations.

Memory Retrieval. To preserve temporal order
during retrieval, each buffered memory uses an
episode-level temporal positional encoding PE(·)
when constructing retrieval keys. We then stack
the memories into tensors and apply scaled dot-
product attention between the current tokens and
the memory tensor to produce outputs:

K = [m1 + PE(t1); . . . ;mL + PE(tL)] , (4)
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R̂i = softmax

(
qKT

√
d

)
Bt−1, q = xi ∈ Ct.

(5)
This attention is followed by a feed-forward net-
work to complete one Transformer layer, yielding
retrieved embeddings R̂t = [R̂1; . . . ; R̂M ].

In practice, we organize the Memory Buffer with
modality-aware slots: fine-grained visual tokens
and text tokens are retrieved separately to avoid
mixing high-frequency perceptual changes with
task-level semantics, while global visual and state
tokens are kept as Direct Context; when the buffer
exceeds its capacity, redundant adjacent entries are
compressed to keep memory bounded. Additional
details are provided in Appendix A.2.

3.3 Memory-Grounded Prospection
Forecasting future scene evolution from current
observations alone is often under-constrained in
long-horizon manipulation, especially under par-
tial observability or delayed effects. We therefore
introduce a memory-grounded prospection branch
that predicts future observations from temporally
enriched context. Rather than treating prediction
merely as an auxiliary target, we use its predictive
discrepancy to characterize prospective inconsis-
tency, which provides the basis for deviation-driven
memory fusion in Sec. 3.4.

Future Observation Prediction. To instantiate
this branch, we introduce a set of learnable Prospec-
tion Tokens P ∈ RK×d. After memory regulation,
these tokens are appended to the temporally en-
riched input sequence, which consists of the Direct
Context and the Memory-Augmented Context. The
Transformer backbone then maps the Prospection
Tokens into hidden states hpro

t , allowing them to
summarize the regulated temporal context for fu-
ture prediction. To ensure these latents encode
physically meaningful semantics, we employ a
MAE decoder D(·) to project them back into the
pixel space. The prediction is generated as:

Ôt+δ = D(hpred
t ). (6)

During training, this generative world model is
optimized via a reconstruction objective:

Lpro = ||Ôt+δ −Ot+δ||2. (7)

This self-supervised task encourages the model to
learn predictive visual dynamics and provides the
basis for estimating prospective inconsistency. Dur-
ing inference, we skip the decoder entirely to save

computation, as it is only used to supervise future
prediction during training.

3.4 Deviation-Driven Gating Mechanism
The retrieved embeddings R̂t provide retrospective
memory but should not be fused with the Current
Context indiscriminately. Their usefulness varies
across decision stages: they may be redundant un-
der clear observations yet crucial under ambiguity,
occlusion, or unexpected dynamics. Therefore, the
key question is not whether to use memory, but
how to regulate its contribution according to the
agent’s current predictive state.

Deviation Signal. We use the prediction error of
the prospection branch as a training-time measure
of prospective inconsistency. Given the predicted
future observation Ôt+δ and the observed future
frame Ot+δ, we define the deviation target as:

dt = sg
[
tanh

(∥∥∥Ôt+δ −Ot+δ

∥∥∥
2

)]
, (8)

where sg[·] denotes the stop-gradient operator,
which preserves its input during the forward
pass but blocks gradients during backpropagation.
Therefore, dt is recomputed at each training iter-
ation but is treated as a fixed pseudo-label during
the corresponding backward pass.

A larger dt indicates that the current temporal
context is less predictive of the future evolution.We
emphasize that this deviation target is not intended
to be a calibrated failure probability or a complete
measure of physical uncertainty. Since dt is un-
available during real-time inference, we employ a
lightweight Deviation Predictor P(·) to estimate it
from the Current Context: Ct:

d̂t = P(Ct) ∈ [0, 1]. (9)

This predictor is trained via an auxiliary loss :

Ldev = ||d̂t − dt||2. (10)

Thus, the gate does not access future observations
at test time; it only uses a predicted deviation
learned from self-supervised future consistency.

Memory Fusion. Finally, we use the predicted
deviation to condition memory fusion. For each
current token xi and its retrieved counterpart R̂i,
the fusion coefficient is computed by a Gate MLP
Gθ conditioned on the current feature, the retrieved
memory, and the predicted deviation:

λi = σ(Gθ[xi; R̂i; d̂t]). (11)
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Table 1: CALVIN ABC-D results. The Guidance column categorizes methods based on their temporal reasoning mechanism:
using memory module (Mem), predictive world models (Pred), both (Both), or neither (-). Columns 1–5 represent the success
rates (%) of completing the number of instructions in a row, computed over 1000 rollouts. The last column reports the average
number of completed tasks (Avg. Len.). ProRet-VLA shows improvements over baselines. The best results are bolded.

Method Guidance 1 2 3 4 5 Avg. Len. ↑
GR-1 (Wu et al., 2024) - 85.4 71.2 59.6 49.7 40.1 3.06
π0 (Black et al., 2024) - 93.8 85.0 76.7 68.1 59.9 3.92
OpenVLA-OFT (Kim et al., 2025) - 96.3 89.1 82.4 75.8 66.5 4.10

CLOVER (Yang, 2024) Pred 96.0 83.5 70.8 57.5 45.4 3.53
GR-MG (Li et al., 2025a) Pred 96.8 89.3 81.5 72.7 64.4 4.04
Seer-Large (Tian et al., 2025) Pred 96.3 91.6 86.1 80.3 74.0 4.28
VPP (Hu et al., 2024) Pred 95.7 91.2 86.3 81.0 75.0 4.29
DreamVLA (Zhang et al., 2025) Pred 98.2 94.6 89.5 83.4 78.1 4.44

RoboFlamingo (Li et al., 2024c) Mem 82.4 61.9 46.6 33.1 23.5 2.47
UniVLA (Bu et al., 2025) Mem 95.5 85.8 75.4 66.9 56.5 3.80
RoboVLMs (Li et al., 2024b) Mem 98.0 93.6 85.4 77.8 70.4 4.25

ProRet-VLA (Ours) Both 98.2 94.9 90.3 86.3 79.9 4.50

The σ denotes the sigmoid activation and final
Memory-Augmented Context is obtained as:

x̃i = λixi + (1− λi)R̂i. (12)

Here, d̂t is not a hand-crafted monotonic bias, but
a condition that lets the gate learn how predic-
tive deviation should affect memory fusion. As
shown in Sec.4.4, the learned gate is empirically
inversely correlated with predictive deviation, indi-
cating a shift toward retrospective memory during
high-deviation phases.

3.5 Action Decoding with Temporal Context
The final objective is to infer the optimal action
sequence ât:t+N−1. To achieve this, we append a
set of learnable Action Queries A ∈ RN×d where
N denotes the action chunk size, after the Prospec-
tion Tokens. Under the structured attention mask,
these queries can attend to the Direct Context, the
deviation-regulated Memory-Augmented Context,
and the Prospection Tokens. The resulting action
hidden states therefore summarize the information
needed for continuous control. These hidden states
are then used as conditioning features for a diffu-
sion Transformer action decoder, whose architec-
tural details are provided in Appendix A.3.

Training Objective. Our model is trained in an
end-to-end manner, jointly optimizing for action
generation, future simulation, and deviation estima-
tion. The total training objective is a weighted sum
of three components:

Ltotal = λDiTLDiT +λproLpro+λdevLdev. (13)

Here, Lpro trains the prospection branch, Ldev su-
pervises the deviation predictor, and LDiT opti-
mizes the final control policy. By co-optimizing

these objectives, the gradients from the auxiliary
tasks back-propagate into the backbone.

4 Experiments

We first introduce our experimental setup (Sec.
4.1), followed by a comparison with state-of-the-
art baselines on benchmarks (Sec. 4.2). Next, we
conduct ablation studies to isolate the contribu-
tions of prospection, retrospection, and deviation-
conditioned gating (Sec. 4.3). We further analyze
the gating behavior through qualitative visualiza-
tion and high-deviation event analysis (Sec. 4.4).
Finally, we evaluate ProRet-VLA on real-world
long-horizon manipulation tasks (Sec. 4.5).

4.1 Experimental Setup

Simulation Benchmarks. We evaluate our
method on two widely recognized robotic manip-
ulation benchmarks for long-horizon tasks. These
environments pose challenges due to their require-
ment for extended temporal reasoning:

• CALVIN ABC-D (Mees et al., 2022): This
benchmark includes four indoor environments
(A-D); policies are trained on A-C and evalu-
ated on the unseen D to assess generalization on
consecutive tasks.

• LIBERO(Liu et al., 2023): This benchmark
comprises four distinct task suites: LIBERO-
Spatial, LIBERO-Object, LIBERO-Goal, and
LIBERO-Long, with LIBERO-Long posing sig-
nificant challenges for long-horizon tasks.

All experiments are conducted under the setting fol-
lowing: a multiview setup using both the primary
and wrist cameras.
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Table 2: LIBERO results. We report the Success Rate (SR, %) and Rank for each method across all tasks. Each task is evaluated
over 500 trials. The Guidance column categorizes methods based on their temporal reasoning mechanism: using memory
module (Mem), predictive world models (Pred), both (Both), or neither (-). ProRet-VLA achieves superior average performance.

Method Guidance Spatial Object Goal Long Average

SR Rank SR Rank SR Rank SR Rank SR Rank

Diffusion Policy (Chi et al., 2025) - 78.3 11 92.5 7 68.3 11 50.5 11 72.4 11
OpenVLA (Kim et al., 2024) - 84.7 8 88.4 9 79.2 9 53.7 9 76.5 9
SpatialVLA (Wu et al., 2024) - 88.2 7 89.9 8 78.6 10 55.5 8 78.1 8
CogACT (Li et al., 2024a) - 97.2 4 98.0 4 90.2 6 88.8 5 93.2 5
π0 (Black et al., 2024) - 96.8 5 98.8 1 95.8 3 85.2 7 94.2 4

CoT-VLA (Zhao et al., 2025) Pred 81.1 9 87.5 10 91.6 5 87.6 6 83.4 7
DreamVLA (Zhang et al., 2025) Pred 97.5 3 94.0 6 89.5 7 89.5 4 92.6 6

Octo (Ghosh et al., 2024) Mem 78.9 10 85.7 11 84.6 8 51.1 10 75.1 10
MemoryVLA (Shi et al., 2025) Mem 98.4 1 98.4 3 96.4 2 93.4 2 96.5 2
UniVLA (Bu et al., 2025) Mem 96.5 6 96.8 5 95.6 4 92.0 3 95.2 3

ProRet-VLA (Ours) Both 97.6 2 98.5 2 96.7 1 93.9 1 96.7 1

Implementation Details. All models are imple-
mented in PyTorch and trained on 8 NVIDIA L20
GPUs. We use an AdamW (Loshchilov and Hut-
ter, 2017) optimizer with initial learning rate 10−3,
weight decay 1e − 4, and a cosine learning rate
schedule with 5% linear warm-up. Batch size is
set to 64, we set the query length of prospection
to 9 and diffusion steps in DiT to 10, we set the
memory length to L = 16 based on controlled
memory ablations in Appendix B.4. We weight the
prospection loss as λpro = 1, the deviation loss
as λdev = 0.1 and the action loss as λDiT = 1,
respectively. We first pretrain ProRet-VLA on
the language-free split of the CALVIN and on the
full DROID dataset(Khazatsky et al., 2024), For
the LIBERO benchmark, we pretrain ProRet-VLA
on LIBERO-90. Fine-tuning is conducted for 40
epochs on LIBERO and 20 epochs on CALVIN.
Additional details are provided in Appendix A.4.

4.2 Main Results

Experimental Results on CALVIN. As shown
in Tab. 1, ProRet-VLA achieves an average se-
quence length of 4.50, the highest among the com-
pared methods. It ties DreamVLA at the one-
instruction horizon, with both methods achieving
a success rate of 98.2%, and obtains the highest
success rates at horizons of two to five instructions.

The performance difference is more pronounced
at longer horizons. For five consecutive instruc-
tions, ProRet-VLA achieves a success rate of
79.9%, exceeding DreamVLA at 78.1% and VPP
at 75.0% by 1.8 and 4.9 percentage points, respec-
tively. These results show that the gains of ProRet-
VLA are concentrated in multi-step task comple-
tion rather than single-task execution

Experimental Results on LIBERO. Tab. 2 sum-
marizes the success rates across the four distinct
task suites. ProRet-VLA achieves highly compet-
itive performance, delivering an average success
rate of 96.7%, which is comparable to or surpasses
the strong baselines presented in this evaluation.
Specifically, compared to MemoryVLA at 96.5%
and UniVLA at 95.2%, our method demonstrates a
consistent advantage, particularly in the LIBERO-
Goal suite where it attains 96.7%. While π0 shows
slightly superior performance in single-object ma-
nipulation with 98.8%, ProRet-VLA effectively
bridges the gap in complex, long-horizon scenarios
in LIBERO-Long, outperforming π0 by 8.7 per-
centage points. This indicates that our framework
offers a balanced and robust solution across diverse
manipulation challenges.

4.3 Ablation Studies

To systematically verify the distinct impact of indi-
vidual components, we conducted ablation studies
on the CALVIN ABC-D benchmark.

Ablation on Components. We first isolate the ef-
fects of prospection and retrospection on CALVIN
ABC-D. All variants are trained with the same
data, optimizer, schedule, backbone, and action de-
coder; only the temporal module is changed. Here,
feature-only gated fusion denotes a learned token-
wise gate conditioned only on the current token
and its retrieved memory, i.e., without the predicted
deviation input d̂t used in ProRet-VLA. Detailed
definitions of the ablation variants are provided in
Appendix B.3. As shown in Table 3, the vanilla
baseline achieves an average sequence length of
3.64. Adding retrospective retrieval with feature-
only gated fusion (w/ Ret) improves the result to
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Figure 3: Visualization of Temporal Gating Behaviors. The plots illustrate the dynamic evolution of the Gate Value (blue
solid line) and Prediction Deviation (yellow dashed line) during the execution of two tasks: (a) Push the plate to the front of the
stove and; (b)Put both the alphabet soup and tomato sauce in the basket.

Table 3: Ablation study of component contributions and
gating strategies. We compare ours with the vanilla baseline,
single-component variants, fixed fusion ratios, feature-only
learned gating, and deviation-intervention variants.

Methods 1 2 3 4 5
Avg.
Len.↑

Baseline 93.0 82.4 72.3 62.6 53.3 3.64
w/ Ret 94.4 88.5 82.7 77.3 68.9 4.12
w/ Pro 96.3 91.6 86.1 80.3 74.0 4.28

λ = 0.2 93.9 88.1 81.9 77.1 68.3 4.09
λ = 0.5 95.3 90.1 84.9 79.8 74.8 4.22
λ = 0.8 97.5 92.7 87.2 80.8 74.2 4.32
Learned Gate 98.5 93.7 87.2 81.5 74.8 4.38
Constant Deviation 97.1 92.4 86.8 80.1 73.9 4.30
Shuffled Deviation 93.7 86.7 79.9 72.8 65.8 4.00
Ours 98.2 94.9 90.3 86.3 79.9 4.50

4.12, while using only the prospection branch to
predict future observations from the current context
(w/ Pro) further increases it to 4.28. However, both
single-component variants remain below the full
ProRet-VLA, which reaches 4.50. These results
indicate that historical memory and future predic-
tion provide complementary temporal cues, and
that coupling them through deviation-conditioned
memory fusion is more effective than using either
component alone.

Ablation on Gating Strategies. We next exam-
ine how current context and retrieved memory
should be fused. As shown in Table 3, increas-
ing the fixed gate ratio from λ = 0.2 to 0.8 im-
proves the average length from 4.09 to 4.32, sug-
gesting that current observations should remain a
stable anchor for control. However, all fixed ra-
tios underperform ProRet-VLA, indicating that a
static mixture cannot adapt across decision stages.
The feature-only Learned Gate reaches an average
length of 4.38, but still trails our model by 0.12
in average length and 5.1 percentage points in 5-
step success, showing that learnable token-level
fusion alone is insufficient. Deviation interventions
further confirm this: replacing d̂t with a constant

value of 0.5 reduces the average length to 4.30,
while shuffling cached deviations across trajecto-
ries or timesteps drops it to 4.00. Since shuffling
preserves the marginal distribution of deviations
but breaks their alignment with the current deci-
sion state, the gain comes from temporally aligned
predictive deviation rather than from injecting an
arbitrary scalar signal.

4.4 Analysis of Deviation-Driven Gating

Visualization of Gating Behaviors. To analyze
the Deviation-Driven Gating mechanism, Figure
3 visualizes the temporal dynamics of gate val-
ues versus prediction deviations across represen-
tative LIBERO tasks. We find that under stable
conditions, high gate values indicate reliance on
the current observation. Conversely, during critical
high-deviation phases (marked by red dots, e.g.,
t ≈ 120 in (a) and t ≈ 200 in (b) ), the gate value
drops significantly. This triggers a cognitive shift,
enabling the agent to handle complex situations.

High-deviation event analysis. Beyond quali-
tative visualization, we further quantify whether
deviation-driven gating helps policies maintain task
progress after temporally uncertain phases. Since
some variants do not contain a Deviation Predictor,
we use the Deviation Predictor trained in ProRet-
VLA as a frozen monitor for all methods during
evaluation. We further analyze whether the pre-
dicted deviation aligns with the self-supervised de-
viation target in Appendix B.6.

This monitor is used only to detect high-
deviation events and does not affect the action gen-
eration of the baselines. For each variant, τ70 de-
notes the 70th percentile of the monitored deviation
values, and a high-deviation event is detected when
the deviation exceeds this threshold. Evt. reports
the frequency of detected events. Comp. is com-
puted as the ratio of high-deviation events after
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Figure 4: Real-world long-horizon tasks. (a) We deploy our system on the Synria Alicia-D robot arm equipped with two Intel
RealSense D405 cameras: a fixed third-person scene camera and a wrist-mounted camera. (b) Performance comparison on real
world experiments, Success scores (%) are reported over two long-horizon temporal tasks.

Table 4: High-deviation event analysis on CALVIN ABC-D.
High-deviation events are detected using the 70th percentile
threshold τ70. Comp. measures post-event subtask comple-
tion, and Post Len. measures task progress after the first
high-deviation event.

Method τ70 Evt. Comp.↑ Post Len.↑
w/ Pro 0.84 0.40 0.88 3.23
Fixed λ = 0.8 0.83 0.47 0.83 3.26
Learned Gate 0.88 0.43 0.91 3.43
Ours 0.92 0.43 0.93 3.48

which the current subtask is completed within the
next 100 environment steps. Post Len. measures
how many tasks the policy can still complete after
the first high-deviation event in a rollout.

As shown in Tab. 4, ProRet-VLA achieves the
highest Comp. of 0.93 and the best Post Len. of
3.48. Compared with the fixed-gate variant, our
method improves Comp. from 0.83 to 0.93, show-
ing that static fusion is less effective at maintain-
ing task progress after high-deviation phases. The
feature-only learned gate achieves the same Evt. as
ours, but lower Comp. and Post Len., indicating
that the gain does not come from fewer detected
high-deviation events. Instead, temporally aligned
predictive deviation helps ProRet-VLA regulate
memory fusion and achieve stronger post-event
task continuation after high-deviation events.

4.5 Real World Experiments

Experiment setups. To evaluate the effective-
ness of our approach in real-world applications, we
conduct real-world experiments using the Synria
Alicia-D robot. As shown in Fig. 4, the system uses
two Intel RealSense D405 cameras: one fixed third-
person camera for scene-level observation and one
wrist-mounted camera for egocentric observation.
We collect two long-horizon tasks, each with 100

demonstrations and train each model separately for
every task

Real-World Evaluation. For each model and
task, we report the mean success rate over three
independent evaluation runs of 20 trials each, result-
ing in 60 trials per model–task pair. Press Buttons
in Order has a direct memory dependency because
the policy must track previously completed sub-
goals in the specified sequence. Pick All Objects
primarily evaluates temporal progress tracking and
additionally involves challenging object grasping.
In particular, grasping the bowl is the dominant fail-
ure mode because selecting a stable contact point
along its rim remains difficult.

As shown in Fig. 4(b), OpenVLA achieves suc-
cess rates of 11.7% and 40.0% on Press Buttons in
Order and Pick All Objects, respectively, while π0.5
achieves 33.3% and 73.3%. MemoryVLA obtains
43.3% and 76.7%, whereas ProRet-VLA achieves
the highest observed success rates of 50.0% and
81.7%. These results are 6.7 and 5.0 percent-
age points higher than MemoryVLA under the
matched data and evaluation protocol.This improve-
ment is mainly because ProRet-VLA can leverage
retrospective temporal context to recognize com-
pleted subgoals, such as pressed buttons or already
placed objects, thereby maintaining more consis-
tent long-horizon execution in real-world environ-
ments. Real-world examples for both tasks are
provided in Appendix B.8.

5 Conclusion

We presented ProRet-VLA, a temporal reasoning
framework that connects prospective future predic-
tion with retrospective episodic memory through
predictive consistency. ProRet-VLA uses future
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prediction error to supervise a Deviation Predic-
tor, whose output conditions token-wise memory
fusion during inference. Experiments on CALVIN
ABC-D, LIBERO, and real-world tasks show im-
proved long-horizon task completion and temporal
progress tracking over strong VLA baselines.

Limitations

ProRet-VLA still has several limitations. First, al-
though the memory buffer stores compact latent
representations rather than raw observations, these
latents remain relatively high-dimensional and may
contain redundant or stale information in very long
episodes. Second, the Deviation Predictor is su-
pervised by future prediction error and estimates
prospective inconsistency only from the current
context during inference; therefore, its calibration
may degrade under large distribution shifts, un-
seen failure modes, or substantially different robot
platforms. Third, our real-world evaluation covers
two long-horizon manipulation tasks with limited
variations, which validates practical feasibility but
does not fully characterize performance in more
diverse real-world settings such as dynamic scenes,
heavy clutter, deformable objects, or human-robot
interaction. Fourth, our simulation benchmark re-
sults follow the standard large-rollout evaluation
protocol, but we do not report multi-seed training
variance due to computational constraints, which
limits the statistical characterization of close com-
parisons. Future work will explore sparser and
more task-adaptive memory representations, better-
calibrated deviation estimation, repeated training
runs or bootstrap confidence intervals, and broader
real-world evaluations.
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A Implementation Details

A.1 ProRet-VLA Architecture

Robot State Encoder. The robot state consists of
the arm and gripper state. The arm state includes
the end-effector position and its rotation in Euler
angles, resulting in a six-dimensional representa-
tion. The gripper state is a binary value indicating
whether the gripper is open or closed. We tokenize
the robot state using an MLP. Specifically, the grip-
per state is first converted into a one-hot encoding.
The one-hot encoding of the gripper state and the
arm state are then each passed through separate
linear layers. The outputs are concatenated and
passed through a final linear layer to produce the
state token.

Text Encoder. We use the CLIP ViT-B/32 text
encoder (Radford et al., 2021) to process natural
language task instructions. The encoder transforms
each instruction into a fixed-length embedding that
captures semantic intent. These embeddings are
then projected into the shared latent space and used
to condition the subsequent modules, enabling ef-
fective grounding of language into perception and
action.

Visual Encoder. We employ an MAE-pretrained
ViT-B (He et al., 2022) as the vision encoder. At
each timestep, images are captured from two views:
eye-on-hand and eye-on-base. Each image is pro-
cessed by the vision encoder to produce 196 latent
vectors, which represent local patch information,
along with a CLS token that encodes the global
representation of the image. Directly inputting all
197 tokens into the transformer backbone would
create a significant computational burden, partic-
ularly when processing long histories. Moreover,
many image details are redundant for accomplish-
ing manipulation tasks. To address this, we uti-
lize the Perceiver Resampler (Alayrac et al., 2022)
to condense the image representations and extract
task-relevant features. The Perceiver Resampler
employs learnable latent vectors with a shape of
(num latents, dim), where num latents is signifi-
cantly smaller than the number of image tokens.
Through Perceiver Attention, these latent vectors
condense the input image features, along with the
CLS token, to form the final image tokens.

Learnable Queries. Following encoding, a set
of learnable queries P (Prospection Tokens) and
A (Action Queries) are appended to these multi-

Table 5: Hyperparameters for the transformers in our policy.

Module Hidden size Layers Heads

Image encoder 768 12 12
Perceiver resampler 768 3 8
Transformer backbone 1024 24 16
Image decoder 1024 2 16

modal embeddings to read out foresight and actions.
Specifically, P are appended to extract represen-
tations for two views, and three A are appended
to predict actions across three steps, ensuring tem-
poral action consistency and robustness to idle ac-
tions.

Decoder. For image decoding, following (He
et al., 2022), we use a vision transformer (ViT)
as the image decoder. The image decoder receives
the image latent and mask tokens from the trans-
former backbone as input. Positional information
is provided through fixed sine-cosine positional
encodings. The inputs are processed by multiple
transformer encoder blocks. Finally, a linear layer
predicts the pixels for each patch, generating the im-
age that represents the predicted future state. Con-
crete details of each module are shown in Table 5.

Large Language Model. We adopt GPT-2
Medium (Radford et al., 2019) as our language
backbone. GPT-2 Medium is a 24-layer, 16-head
Transformer decoder with a hidden size of 1024
and a total of approximately 345 million parame-
ters. It was pretrained on the WebText corpus (∼ 8
million documents, 40 GB of text) using autore-
gressive language modeling to predict the next to-
ken with a byte-pair encoding vocabulary of 50257
tokens.

Deviation Predictor. To estimate the potential
prediction error during inference, we implement
the Deviation Predictor as a lightweight Multi-
Layer Perceptron (MLP). It takes the concatenation
of the current instruction representation and fine-
grained visual tokens as input. The network first
projects the concatenated feature into a hidden di-
mension of 128, followed by Layer Normalization
and a GELU activation. A final linear layer maps
the feature to a scalar, which is then passed through
a sigmoid activation to produce the predicted devi-
ation signal d̂t ∈ [0, 1].

A.2 Memory Module.
Dual-Stream Memory Architecture. Adopting
the dual-stream architectural design from Memo-

13040



ryVLA (Shi et al., 2025), we design a dual-layer
memory architecture to decouple low-level spa-
tiotemporal details from high-level semantic ab-
stractions. We explicitly bifurcate the MAE visual
output into local patch embeddings Et ∈ RN×d

and a global class token ct ∈ R1×d. The former
preserves fine-grained geometric details for spa-
tiotemporal retrieval while the latter encapsulates
the global scene gist. Together with the seman-
tic tokens Lt and state embeddings St, we devise
a bifurcated processing strategy driven by the ne-
cessity to balance stable physical grounding with
long-term reasoning.

We designate ct and St as Direct Context. These
tokens bypass memory retrieval and serve as a
drift-free anchor to the immediate physical sta-
tus. In contrast, Et and Lt constitute the Memory-
Augmented Context. They act as queries to retrieve
historical experiences from two decoupled streams:
a Perceptual Stream where visual patches query
Bper and a Cognitive Stream where text queries
Bcog, that is, we establish two Memory Buffers to
separately preserve different tokens. This separa-
tion prevents interference between high-frequency
visual dynamics and low-frequency semantic plan-
ning, enabling the agent to simultaneously recall
physical changes and logical sub-task progression.

Memory Consolidation. We use ToMe-inspired
(Bolya et al., 2022) adjacent-entry consolidation
when the buffer exceeds its capacity. The adjacent
pair with the highest cosine similarity is merged by
averaging their feature tensors, keeping the mem-
ory size bounded throughout long-horizon execu-
tion.

Implementation. In our implementation, both
memory streams operate in the shared backbone la-
tent space with hidden dimension d = 1024. Each
stream maintains an episodic buffer with a maxi-
mum capacity of L = 16 entries. At each timestep,
tokens in the Memory-Augmented Context retrieve
historical information from their corresponding
buffer through two stacked cross-attention–FFN
retrieval blocks. To preserve temporal order, each
stored entry is augmented with a timestep embed-
ding computed from sinusoidal frequency features
before retrieval. For memory fusion, we use a
deviation-conditioned gate that takes the current to-
ken, the retrieved memory token, and the predicted
deviation d̂t as inputs. The deviation predictor is
supervised by the future prediction error of the
prospection branch, computed from the difference

between the predicted future observation Ôt+δ and
the observed future frame Ot+δ. During training,
the future frame is used only as a self-supervised
target for the prospection and deviation losses. Dur-
ing inference, future observations are unavailable,
and the gate relies solely on the predicted deviation
estimated from the current context.

A.3 Action Prediction with Diffusion
Transformer.

For continuous action generation, we adopt
the diffusion-based Transformer decoder from
DreamVLA, instantiated with the DiT-B architec-
ture (Peebles and Xie, 2023). After the VLA
backbone processes the direct context, deviation-
regulated memory context, and prospection tokens,
the output hidden states of the Action Queries are
used as conditioning features for the diffusion ac-
tion decoder.

The action decoder operates in the same latent
space as the backbone, with the conditioning fea-
ture dimension set to d = 1024. It predicts a 3-step
action chunk, where each action is a 7-dimensional
end-effector command consisting of 6-DoF pose
displacement and a gripper state. In the DiT imple-
mentation, this corresponds to an action prediction
length of 3, with a future action window size of 2
and no past action context.

During training, Gaussian noise is added to the
ground-truth action trajectories, and the DiT de-
coder is optimized to denoise them conditioned
on the Action Query features. During inference,
actions are sampled from Gaussian noise through
deterministic diffusion denoising with 10 sampling
steps. This diffusion formulation allows the policy
to model multimodal continuous action distribu-
tions while preserving temporal consistency across
the predicted action chunk.

A.4 Training Detail

The total loss can be formulated as:

Ltotal = λDiTLDiT +λproLpro+λdevLdev. (14)

We weight the prospection loss as λpro = 1, the
deviation loss as λdev = 0.1 and the action loss
as λDiT = 1, respectively. All models are imple-
mented in PyTorch and trained on NVIDIA 8 L20
GPUs. We use an AdamW (Loshchilov and Hut-
ter, 2017) optimizer with initial learning rate 10−3,
weight decay 1e − 4, and a cosine learning rate
schedule with 5% linear warm-up. Batch size is set
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Table 6: Ablation study of memory hyperparameters on CALVIN ABC-D. We evaluate the effects of buffer type, buffer
length, and consolidation strategy under the same ProRet-VLA architecture and training protocol. Columns 1–5 report the
success rates (%) of completing the corresponding number of consecutive instructions, and Avg. Len. denotes the average
number of completed tasks. The best configuration in each group is highlighted.

Setting Variant 1 2 3 4 5 Avg. Len. ↑

Buffer Type Unified buffer 98.1 93.9 88.8 82.9 77.7 4.41
Dual-stream buffer 98.2 94.9 90.3 86.3 79.9 4.50

Buffer Length
L = 8 97.1 92.6 89.0 82.5 76.3 4.38
L = 16 98.2 94.9 90.3 86.3 79.9 4.50
L = 32 98.2 94.6 90.1 84.7 78.6 4.46

Consolidation Type FIFO 97.4 93.1 88.4 82.1 75.9 4.37
ToMe 98.2 94.9 90.3 86.3 79.9 4.50

to 64, we set the query length of prospection to 9
and diffusion steps in DiT to 10, we also set length
of Memory Bank to 16.

During training, we freeze the CLIP text encoder
and the MAE vision encoder to preserve their pre-
trained representations and reduce the optimiza-
tion cost. All remaining task-specific modules are
trained end-to-end, including the Perceiver resam-
pler, Transformer backbone, memory retrieval and
consolidation modules, deviation-conditioned gate,
Deviation Predictor, image/prospection decoder,
and DiT action decoder.The total computational
budget is approximately 730–750 GPU-hours, esti-
mated on 8 NVIDIA L20 GPUs.

All public benchmarks and pretrained compo-
nents are used for research purposes following their
released terms and licenses. Our real-world demon-
strations are collected in a controlled laboratory
setting and are used only for research evaluation.

B Experimental Results

B.1 Evaluation protocol and baseline
comparison.

For public benchmark comparisons, we follow the
standard evaluation protocols of CALVIN ABC-D
and LIBERO. CALVIN results are reported over
1000 rollouts, and each LIBERO task is evaluated
over 500 trials. Since many compared methods use
different pretrained backbones, pretraining data,
and action decoders, the main tables should be in-
terpreted as benchmark-level comparisons rather
than strictly compute-matched comparisons. To
isolate the effect of our design, all internal abla-
tions in Sec. 4.3 are trained and evaluated under
the same data, optimizer, schedule, backbone, ac-
tion decoder, and evaluation protocol, with only the
temporal reasoning module changed. All simula-
tion results are evaluated under the standard large-
rollout protocol: CALVIN uses 1000 rollouts and

each LIBERO task uses 500 trials. We do not report
multi-seed training variance due to computational
constraints, which we include as a limitation.

B.2 Evaluation on MIKASA-Robo

To further evaluate memory-dependent robotic ma-
nipulation, we evaluate ProRet-VLA on five tasks
from the MIKASA-Robo benchmark (?). These
tasks require the policy to retain and use infor-
mation that is distributed across temporally sep-
arated observations. ShellGameTouch requires re-
calling which cup initially covered the target object,
while InterceptMedium requires integrating the ob-
served motion of a moving ball. RememberColor-3,
RememberColor-5, and RememberColor-9 require
recalling a previously observed target color, with
the number of candidate colors increasing across
the three settings.

Table 7 reports the task success rates and the
action chunk size K used by each configuration.
ProRet-VLA achieves the highest average success
rate of 45.2%, compared with 39.6% for Memo-
ryVLA. It obtains the best results on ShellGame-
Touch and RememberColor-9, achieving success
rates of 89% and 22%, respectively. The gains are
not uniform across all tasks: π0 performs best on
InterceptMedium, OpenVLA with K = 8 performs
best on RememberColor-3, and MemoryVLA per-
forms best on RememberColor-5. These results
indicate that ProRet-VLA achieves strong aggre-
gate performance across the evaluated memory-
dependent settings rather than uniformly dominat-
ing every task.

The comparison is not strictly controlled with
respect to action chunking. In particular, ProRet-
VLA uses K = 3, whereas MemoryVLA uses
K = 4, and the remaining baselines also use differ-
ent values of K. Because action chunk size may af-
fect temporal aggregation and closed-loop control,
the 5.6-point average difference between ProRet-
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Table 7: Performance comparison on five memory-dependent tasks from MIKASA-Robo. Success rates (%) are reported. K
denotes the action chunk size used by each configuration. The best result in each column is shown in bold.

Method K
ShellGame

Touch
Intercept
Medium

Remember
Color-3

Remember
Color-5

Remember
Color-9

Avg.
Success

OpenVLA 4 12 6 21 9 8 11.2
SpatialVLA 4 23 27 27 17 11 21.0
OpenVLA 8 47 14 59 16 6 28.4
π0 4 33 42 35 22 15 29.4
MemoryVLA 4 84 17 47 30 20 39.6
ProRet-VLA 3 89 39 52 24 22 45.2

Table 8: Inference latency. We report per-step inference
latency under the same evaluation setting as the main experi-
ments. P95 denotes the 95th-percentile latency, meaning that
95% of inference steps are no slower than this value. We test
5 times and take average time. ∆ denotes the relative increase
of mean latency over the baseline.

Method Mean ∆ P95 Peak Mem.
(ms) (%) (ms) (GB)

Baseline 82.1 – 141.5 4.01
w/ Pro 88.3 +7.6 171.6 4.23
w/ Ret 84.7 +3.1 166.2 4.02
Ours 94.1 +14.6 185.1 4.23

VLA and MemoryVLA cannot be attributed en-
tirely to the proposed architecture. We therefore in-
terpret these results as complementary benchmark-
level evidence of memory-dependent task perfor-
mance.

B.3 Details of the Ablation

The w/ Ret variant is designed to isolate the ef-
fect of retrospective memory retrieval under the
same policy backbone, action decoder, training
setting, and evaluation protocol as the other ab-
lation variants. It enables the episodic memory
retrieval branch before action prediction: at each
decision step, the current token xi retrieves a his-
torical counterpart R̂i from the memory buffer. For
fusion, w/ Ret also adopts a learned gate rather
than a fixed fusion ratio. However, the gate only
takes xi and R̂i as inputs, and predicts a token-wise
weight to adaptively combine current context with
retrieved memory. Unlike the full ProRet-VLA
gate, it does not use the predicted deviation d̂t as
an input. Therefore, w/ Ret evaluates retrospective
retrieval with feature-only adaptive fusion, without
deviation-driven regulation.

Difference from MemoryVLA. The w/ Ret vari-
ant is not intended as a reproduction of the full
MemoryVLA framework. Instead, it is a controlled
internal ablation under our unified experimental
setting. It only enables retrospective retrieval

Table 9: Deviation Predictor reliability. Metrics are
computed on 100 evaluation batches with 6,400 samples.
AUC@20/10 treats samples in the top 20%/10% of ground-
truth dt as high-deviation positives and evaluates whether d̂t
ranks them ahead of others.

MSE↓ Pearson↑ Spearman↑ AUC@20↑ AUC@10↑
0.000887 0.4861 0.4683 0.7464 0.7757

and feature-only gated fusion, while disabling the
prospection branch, the future prediction loss, the
deviation predictor, and the deviation-conditioned
gate. Therefore, w/ Ret measures the marginal
contribution of retrospective memory within our
ablation system, whereas MemoryVLA represents
an independent memory-centric VLA baseline with
its own full model design.

B.4 Memory Hyperparameter Ablations.

Since memory-related hyperparameters may be-
have differently across architectures and datasets,
we conduct controlled ablations on CALVIN ABC-
D to validate our memory design choices. All vari-
ants use the same backbone, prospection branch,
deviation-driven gate, and training protocol; only
the memory configuration is changed.

As shown in Tab. 6, the dual-stream buffer out-
performs the unified buffer, improving the average
length from 4.41 to 4.50. This suggests that separat-
ing perceptual and cognitive memory streams helps
reduce interference between high-frequency visual
dynamics and relatively stable task-level seman-
tics. For buffer length, L = 8 underperforms due
to insufficient historical capacity, while increas-
ing the length to L = 32 does not bring further
gains and slightly reduces the average length to
4.46. This indicates that overly long memory may
introduce redundant or stale information, whereas
L = 16 provides a better trade-off between his-
torical coverage and retrieval reliability. Finally,
ToMe-based consolidation achieves better perfor-
mance than FIFO replacement, improving the av-
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Table 10: Real-world task details. We list the language instruction template, number of variations, and variation type for each
real-world task.

Task Name Language Instruction Template Variations Variation Type

Press Buttons in Order “Press the buttons in order: pink, blue, yellow.” 3 Button spatial layout
Pick All Objects “Pick up all objects and place them in the basket.” 2 Object set on the table

erage length from 4.37 to 4.50. This demonstrates
that similarity-based consolidation better preserves
informative historical states than simply discarding
old entries, leading to more stable long-horizon
execution.

B.5 Inference Latency

We further profile the inference latency of differ-
ent variants under the same evaluation setting as
the main experiments. All measurements are con-
ducted on a single NVIDIA L20 GPU from an 8-
GPU server. As shown in Table 8, the full ProRet-
VLA model introduces only a moderate latency
overhead over the baseline, while maintaining a
practical inference speed for closed-loop evalua-
tion. The memory-only variant incurs little addi-
tional peak memory, since its extra computation is
mainly performed on compact latent tokens with a
lightweight fusion gate. The future-image decoder
is used only for training the prospection loss and is
skipped during inference; therefore, the additional
inference cost mainly comes from compact latent
retrieval, deviation prediction, and gated fusion.

B.6 Deviation Predictor Reliability

Since the high-deviation event analysis uses the
Deviation Predictor as a frozen monitor, we fur-
ther evaluate whether its predicted deviation d̂t
aligns with the self-supervised deviation target dt
computed from future prediction error. We con-
duct a quick reliability check on 100 evaluation
batches, containing 6,400 samples in total. As
shown in Table 9, the predictor achieves a low
MSE of 0.000887 and moderate positive Pearson
and Spearman correlations with the target devia-
tion. In addition, we treat high-deviation detection
as a binary ranking problem, where positives are
defined by the top 20% or top 10% of the ground-
truth deviation values. The resulting AUC scores
of 0.7464 and 0.7757 indicate that d̂t is informative
for identifying high-deviation states, although it is
not a perfect estimator.

The predictor is not expected to exactly regress
the pixel-level reconstruction error, since the target
also contains visual changes that may be irrelevant

to control. Instead, our use case only requires the
predicted deviation to provide a temporally aligned
ranking signal for identifying phases where mem-
ory fusion should be adjusted. The AUC results
indicate that the predictor is informative for high-
deviation detection, which is consistent with the in-
tervention results in Table 3. These results support
its use as a frozen monitor for event-level analysis,
while avoiding any effect on the action generation
of baseline methods.

B.7 Case Study of Simulation.

Qualitative Results on CALVIN. Fig. 6 presents
a representative ProRet-VLA rollout spanning five
consecutive CALVIN instructions. The sequence
involves transitions between distinct manipulation
stages, illustrating how the policy maintains task
progress over an extended horizon. This qualita-
tive example is consistent with the aggregate re-
sults in Tab. 1, where ProRet-VLA achieves suc-
cess rates of 98.2% and 79.9% at the one- and
five-instruction horizons, respectively. DreamVLA,
the closest competing method at the longer hori-
zons, matches ProRet-VLA at one instruction with
98.2% and reaches 78.1% at five instructions. The
rollout provides an illustrative example of long-
horizon execution, while the controlled ablations
in Sec. 4.3 provide the mechanism-level evidence
for the contributions of prospection, retrospection,
and deviation-conditioned memory fusion.

Qualitative Results on LIBERO. The qualita-
tive performance on LIBERO highlights ProRet-
VLA’s superior long-horizon reasoning. While
strong baselines like π0 show a significant per-
formance drop when scaling from short-horizon
tasks (98.8% on LIBERO-Object) to complex se-
quences (85.2% on LIBERO-Long), ProRet-VLA
maintains remarkable consistency across domains.
It achieves a 96.7% success rate on LIBERO-Long,
outperforming π0 by 8.7%, effectively bridging the
gap between atomic actions and multi-stage plan-
ning.

This robustness is driven by the deviation-driven
gating mechanism, which enables adaptability in
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unstructured environments. We observe that during
visual occlusions (e.g., arm blocking the target) or
physical execution failures (e.g., grasp slippage),
the model detects a spike in prediction deviation.
This triggers an active retrieval of historical mem-
ory, allowing the agent to maintain object localiza-
tion or initiate autonomous error recovery instead
of continuing a failed trajectory.

B.8 Real-World Experiments
Real-World Experimental Setup. We evaluate
our method on a series of long-horizon real world
tasks using the Synria Alicia-D robot, which is
equipped with a 6-DoF manipulator and a 1-DoF
gripper. A single Intel RealSense D405 camera pro-
vides third-person observations, while an additional
wrist-mounted camera of the same size provides
egocentric input. Data are collected at 30 Hz. Our
model is trained under the standard ProRet-VLA
configuration and deployed on a single NVIDIA
L20 GPU. For fair comparison, all baseline meth-
ods follow their official configurations and are also
deployed on the same single NVIDIA L20 GPU.

Task Descriptions. We evaluate two real-world
long-horizon manipulation tasks, as summarized in
Table 10. The first task requires the robot to press
three colored buttons following a fixed language-
specified order: pink, blue, and yellow. To test
robustness to spatial changes, we vary the physical
layout of the buttons on the table while keeping the
instruction unchanged. The second task requires
the robot to pick up all objects on the table and
place them into the basket. For this task, variations
are created by changing the set of objects placed
on the table. These tasks require the policy to
track completed subgoals over time, such as which
buttons have already been pressed or which objects
have already been placed into the basket.

Visualization. Figure 7 shows representative
real-world rollouts of the two long-horizon tasks.
For the button-pressing task, the robot sequentially
approaches and presses the pink, blue, and yellow
buttons according to the fixed language instruction.
For the object-collection task, the robot repeatedly
grasps the remaining objects and places them into
the basket until the table is cleared. The upper and
lower rows in Figure 7 (b) further show two task
variations with different object sets. These rollouts
illustrate that successful execution requires track-
ing temporal task progress, such as which buttons
have already been pressed or which objects have

already been placed into the basket, rather than
reacting only to the current observation.
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Figure 5: Qualitative results of the CALVIN long horizon tasks

Task: put both the alphabet soup and the tomato sauce in the basket

SUCCESS

FAIL

SUCCESS
(RECOVERY)

Figure 6: Qualitative results of the Libero-long tasks

13046



(a) Press the buttons in order: pink, blue, yellow.

(b) Pick up all objects and place them in the basket.
Figure 7: Real-world rollout visualizations. We show representative execution trajectories for the two real-world long-horizon
tasks. (a) The robot presses the buttons according to the specified order: pink, blue, and yellow. (b) The robot sequentially picks
up all objects and places them into the basket, where the upper and lower rows correspond to two task variations with different
object sets. Frames are ordered from left to right, illustrating the need to track completed subgoals over time.
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