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Abstract

Visual Foresight VLA (VF-VLA) has become
a prominent architectural choice in the recent
VLA due to its impressive performance. Never-
theless, the inherent design of VF-VLA makes
it particularly vulnerable to out-of-distribution
(OOD) shifts. Because the quality of action di-
rectly depends on the accuracy of the predicted
future visual information, OOD conditions affect
both stages at once. To address this vulnerability,
we propose Test-Time Training Visual Foresight
VLA (T3VF), a test-time training approach mo-
tivated by the observation that the predicted fu-
ture image and its subsequent observation form
a natural supervision pair. To further address the
practical challenges that arise from indiscriminate
test-time updates, we introduce an adaptive update
filtering mechanism. Empirically, T3 VF mitigates
the OOD vulnerability of VF-VLA at a modest
additional inference cost, without requiring any
architectural modification or auxiliary modules'.

1. Introduction

Vision-Language-Action (VLA) models have become a cen-
tral paradigm for generalist robotic manipulation (Kim et al.,
2025; Pertsch et al., 2025; Bjorck et al., 2025). Among them,
a recent line of research adopts a two-stage formulation in
which the model first predicts the future visual state that
the robot is expected to reach and then generates actions
conditioned on this prediction. Models that adopt this for-
mulation are called Visual Foresight VLA (VF-VLA), and
their impressive performance has made this design one of
the prominent architectural choices in the recent VLA lit-
erature (Zhao et al., 2025; Zhang et al., 2025; Wang et al.,
2025; Cen et al., 2025; Zhang et al.; Yang et al., 2025).

Despite the effectiveness of VF-VLA, its inherent de-
sign makes it particularly vulnerable to out-of-distribution
(OOD) shifts. Because the quality of action generation di-
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Figure 1. Performance comparison on LIBERO (In-Distribution)
and LIBERO-Plus (Out-of-Distribution)

rectly depends on the accuracy of the predicted future visual
information (Zhao et al., 2025), OOD conditions affect both
the visual prediction stage and the action generation stage
at once. As summarized in Fig. 1, recent VF-VLA such as
WorldVLA (Cen et al., 2025) and Mantis (Yang et al., 2025)
show substantial performance drops on LIBERO-Plus (Fei
et al., 2025) compared to their in-distribution success rates
on LIBERO (Liu et al., 2023). This support the dual-stage
exposure of both pathways under OOD shifts.

To address this vulnerability, we propose Test-Time
Training Visual Foresight VLA (T?VF), a test-time training
approach motivated by a simple intuition that the predicted
future image and its later observation form a natural self-
supervision pair. In VF-VLA, at a given step the model
predicts a future image from the current observation, and
after executing the corresponding action, the actual image
at that future step is observed. This observed image can be
regarded as an oracle for the earlier prediction, allowing the
test-time training to improve visual prediction. Accordingly,
action generation also improves through the dependence.

However, this approach faces two practical challenges. First,
a discrepancy between a prediction and its oracle does not al-
ways indicate a useful supervision signal. Such discrepancy
can result from an inaccurate visual prediction or from an
action-side error despite a correct prediction, which serves
as noise during training. Second, the difficulty varies both
across episodes and within an episode. Even with a proxy
metric that can separate the two error sources discussed
above, applying a fixed threshold cannot reflect this varia-
tion. Under such threshold, most steps in easier episodes or
segments pass and allow excessive noise to enter training.
In contrast, most steps in harder ones are skipped and fail to


https://github.com/sangwu99/T3VF.git
https://github.com/sangwu99/T3VF.git

Test-Time Training for Visual Foresight Vision-Language-Action Models

provide training signal.

To address the first challenge, we use the variance of the
action at each step as the proxy metric. A low variance
indicates that the model is internally consistent about the
action it intends to execute. Such consistency makes a
prediction error more plausibly attributable to the visual
pathway and therefore a useful signal for updating the model.
In contrast, high variance indicates that the source of the
error cannot be reliably attributed. Since such an error may
not provide a useful supervision signal, the corresponding
step is skipped. To address the second challenge, we replace
the fixed threshold with an adaptive variance buffer that
maintains a running window of recent variances and permits
an update only when its variance falls within the lower range
of this buffer. Because this criterion is based on relative
ranking rather than an absolute cutoff, it adapts naturally
to the scale of variance in each episode as well as to its
fluctuation between steps.

The main contributions of this work are as follows:

* First identification of OOD vulnerability in VF-VLA.
We identify the amplified OOD vulnerability arising from
the dual-stage exposure inherent to VF-VLA.

¢ Test-time training with predicted-attained pairs. We
propose a test-time training approach leverages the corre-
spondence between predicted images and their later obser-
vations, complemented by an adaptive update filtering.

+ Empirical effectiveness. T>VF improves the average suc-
cess rate on LIBERO-Plus by 5% over the base VF-VLA,
demonstrating that it mitigates the OOD vulnerability.

2. Related Works

Visual Foresight VLA refer to VLA models that predict a
future image to be reached by the robot from the current
observation and language instruction, and condition action
generation on this prediction. The first group formulates
future visual pixels and actions as autoregressive token se-
quences on a shared vocabulary (Zhao et al., 2025; Zhang
et al., 2025; Wang et al., 2025; Cen et al., 2025). The second
group predicts future visual information as compressed la-
tent features or implicitly aligns latent representations with
future visual states, avoiding the redundancy and compu-
tational overhead of autoregressive pixel-token generation.
(Yang et al., 2025; Zhang et al.). Both groups share a com-
mon structure: action generation is conditioned on predicted
visual information. Consequently, both the visual prediction
stage and the action generation stage are exposed to OOD
shifts (Pumacay et al.; Fei et al., 2025), leading to amplified
vulnerability under such shifts. To the best of our knowl-
edge, this vulnerability of VF-VLA remains unaddressed.

Another line of work adapts VLA models through test-time
reinforcement learning. (Bai et al., 2025; Liu et al., 2026).
They differ from ours in that they require a separate reward
model, incur substantial overhead from online RL, and target
VLA models in general rather than VF-VLA. For complete

related work, please refer to Appendix A.

3. Method
3.1. Preliminaries

A VF-VLA consists of a VLM backbone P, an image head
In, and an action head A;. Given the language instruc-
tion [, the current observation o;, and a placeholder ¢ for
any learnable query tokens,” backbone extracts following
representations

(h;nst7 h]ismg7 h2Yy = P(l, oy, q). (1)

This step computes h2°* conditionally on hy™® following
the autoregressive nature of the VLM backbone, which dis-
cussed in Sec. 1. The image head predicts future observation
O¢+n at a fixed gap of n steps ahead, and the action head
generates the action a,

Ot4n = Ih([hinStvhimg], 0t>, ar ~ Ap(hi). @

During training, the model is optimized through two
objectives?,

[:train - Eimg(ét+n7 Ot-l—n) + ALact(&h at)7 (3)

where o0, ,, is the future ground-truth observation, a, is the
demonstration action, and A balances the two terms.

3.2. Test-Time Training with Predicted-Attained Image
Correspondence

Intuition. At step ¢, the model predicts 0, and executes
the corresponding action a;. After n steps, the actual obser-
vation oy, is attained from the environment. The predicted-
attained pair (644, 0¢+r ) thus provides supervision for the
image head in the same form as Eq. 3, enabling test-time
training without any additional data collection.

Building on this intuition, we introduce our method
T3VF (Test-Time Training for Visual Foresight VLA). The
overall framework and detail algorithms are presented in
Fig. 2 and Algorithm 1, respectively. At test time, we ac-
cumulate predicted-attained pairs along the trajectory of an
episode into a set B. Once |B| reaches a predefined batch
size B, we apply a single update step that minimizes

Lrrr = % Z

(6t4m,0t4n)EB

Eimg (5t+n ) 0t+n) , @

where Ling is the same image loss used during training.
The update is applied only to g, while the rest of the model
parameters are kept frozen throughout test time. Since this
update proceeds in parallel with execution and does not add
auxiliary modules, the additional overhead is reduced.

The specific forms of placeholder ¢, Limg and Lac; depend
on the design choices of each VF-VLA implementation.

3Which subset of parameters to update is depends on each VF-
VLA implementation. We choose ¢ in our setting because it is the
smallest module that participates in the image prediction pathway.
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Figure 2. Overall framework of T>VF. Built on standard VF-VLA
(upper), T*VF (lower) generates K action samples at each step and
computes their variance o7. When o7 falls below the p percentile
of the variance buffer V%, the predicted-attained pair (6¢4n, Ot4n)
is used for test-time training. Regardless, 0,52 is added to V.

3.3. Adaptive Update Filtering

However, applying test-time training of Sec. 3.2 requires
addressing the following two practical challenges. First, the
source of a large prediction error cannot be identified
from its magnitude alone. A predicted-attained pair can
exhibit a large discrepancy from a genuinely inaccurate vi-
sual prediction or from action-side error despite a correct
prediction. Therefore indiscriminate test-time training risks
canceling the gains from the former with the harm from
the latter. Second, a fixed threshold over proxy does not
generalize across or within episodes. Even with a reliable
proxy for distinguishing the two cases, a fixed threshold
is inappropriate to the test-time setting, because the diffi-
culty varies both within and across episodes. Within an
episode, easier segments allow too many update and may
inject noise into the parameters, while harder segments al-
low almost none and suppress learning. The same effect
manifests across episodes respectively, where overall easy
episodes oversaturate updates and overall hard episodes

receive almost no supervision.

We address the first challenge by using the variance of the
action at each step as a proxy metric. Concretely, at step ¢

we draw K samples {dgk)}szl and define

K K

R DN AN

k=1 k=1

) — a2, )

where o7 is the squared L2 deviation averaged over the K
action samples. A low o? indicates that the model is in-
ternally consistent with the action it intends to execute, so
that any large prediction error at step ¢ is more plausibly
attributable to the visual pathway. Therefore, it is a use-
ful signal for updating ¢. In addition, this skip mechanism
can be conducted at the moment a; is produced, regard-
less of whether the paired o, is yet available, and the
K samples can be obtained from a single forward of the
backbone followed by parallel decoding through the action
head. Therefore, the additional cost is relatively less than
calculating predicted-attained pairs through Lip,.

We address the second challenge by replacing a fixed thresh-
old with a running window of recent variance values. Let
Vi, = {Uf, : ' € Wy} be the buffer of variances collected
over the most recent |V| steps, where W; denotes the cor-
responding step indices. We include step ¢ in predicted-
attained set B of Eq. 4 if and only if

o7 < Quantile,(V,), (6)

where p € (0,1) is the percentile threshold. Because this
criterion is based on relative ranking within the recent win-
dow rather than on an absolute cutoff, it naturally adapts
to the scale of variance in each episode and keeps the over-
all frequency of accepted steps stable across episodes of
differing difficulty. Combined with the test-time training
procedure of Sec. 3.2, this filtering completes T>VF by turn-
ing indiscriminately occurring predicted-attained pairs into
reliable supervision for the visual prediction pathway.

4. Experiments
4.1. Setup

We evaluate TVF using Mantis (Yang et al., 2025) as
the baseline, a representative VF-VLA. We evaluate on
LIBERO-Plus (Fei et al., 2025) following its standard eval-
uation protocol on the seven perturbation dimensions and
report average success rates. We consider two settings: “w/
Perturbed Train” uses a model fine-tuned on LIBERO-Plus,
partially adapted to the perturbations; ”w/o Perturbed Train”
uses the official LIBERO checkpoint, which is fully OOD at
evaluation. Within each setting, we compare the base model
with and without T3VF. For complete experimental setup,
please refer to Appendix B.

4.2. Main Results

Table 1 shows that applying T>VF consistently improves the
overall average success rate in both settings. This pattern is
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Table 1. Main results on LIBERO-Plus. Success Rate (%) under two settings.

Setting Model Robot Language Noise Layout Background Camera Light Avg
Mantis 29.0 47.8 474 423 60.3 50.5 67.8 493
w/ Perturbed Train ~ Mantis + T*VF ~ 31.8 49.2 482 449 63.0 553 724 521
A +1.8 +1.4 +0.8 +2.6 +2.7 +4.8 +4.6 +2.8
Mantis 15.7 41.8 45.9 45.1 28.9 39.2 62.5 39.8
w/o Perturbed Train  Mantis + T*VF ~ 16.5 42.6 448 454 28.7 415 623 403
A +0.8 +0.8 -1.1 +0.3 -0.2 +2.3 -0.2  +0.5

in line with the motivation discussed in Sec. 1. T*VF targets
the visual prediction pathway with supervision extracted
from predicted-attained image pairs, mitigating the dual-
stage vulnerability of VF-VLA, and the resulting improve-
ment in visual prediction propagates to action generation
through their dependence. The relatively smaller improve-
ment in the w/o Perturbed Train setting may reflect that the
base model has not been adapted to the perturbation fac-
tors and therefore absorbs less supervision signal. However,
T3VF still yields a positive improvement.

4.3. Ablation Study

To isolate the contribution of each component of T3VF, we
conduct an ablation study on Robot perturbation* in the
w/ Perturbed Train setting. Starting from the base model,
we incrementally add (i) the test-time training of Sec. 3.2
without any filtering, (ii) the action variance filter of Sec. 3.3
with a fixed threshold, and (iii) the adaptive variance buffer
of Sec. 3.3, which together form T>VF. Table 2 reports the
success rate at each step.

Table 2. Ablation of T*VF components.
TTT Var Filter Adap. Buffer

Success Rate

X X X 29.0
v X X 29.8
v v/ X 28.6
v v v 31.8

Adding the test-time training procedure on the base model
improves the success rate, confirming that predicted-attained
image pairs carry useful supervision even when applied
indiscriminately. However, the fixed-threshold filter slightly
degrades the success rate, indicating that an absolute cutoff
cannot consistently separate informative from noisy steps,
as discussed in Sec. 3.3. Replacing the fixed threshold with
the adaptive variance buffer yields the largest improvement.
This supports that our relative ranking criterion makes the
proxy reliable.

4.4. Efficiency Analysis

Fig. 3 reports the average time per-episode on Robot pertur-
bation setup, comparing the base model with two test-time
training variants. The first variant is an indiscriminate test-
time training that updates at every step without filtering, and

*Robot perturbation alters the initial state, affecting both the
visual and action, and is therefore the most challenging OOD.

the second is the full T>VF.
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Figure 3. Efficiency Comparison across the settings.

Indiscriminate test-time training increases the per-episode
time to approximately 1.7 times the base time, reflecting the
cost of computing L;,, and parameter update at every step.
T3VF reduces this to approximately 1.3 times through adap-
tive update filter, which triggers updates only on a fraction
of the steps. Combined with the results in Fig. 3 and the ab-
lation in Table 2, T3VF achieves performance improvement
of test-time training while reducing the overhead relative to
the indiscriminate variant.

5. Discussion

We position T3VF as a lightweight approach to mitigate the
OQOD vulnerability of VF-VLA at test time, rather than a
dominant solution. Although gains seem incremental rela-
tive to the additional inference cost, T>VF does not require
additional training pipelines and operates without auxiliary
modules, external reward signals, and offline adaptation.
In addition, Its overhead is further contained by using fast
skip criterion and updating only the smallest module that
participates in the visual prediction pathway. Within these
constraints, T>VF offers a practical option for adapting VF-
VLA at test-time without architectural modification.

6. Conclusion

We presented T°VF, a test-time training approach that
addresses the amplified OOD vulnerability of VF-VLA
by leveraging predicted-attained image pairs as a self-
supervision signal, complemented by an adaptive update
filter. T3VF offers a practical option for partially mitigating
OOD shifts in VF-VLA without architectural modification.
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Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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A. Complete Related Work
A.1. Visual Foresight VLA

Visual Foresight VLA refer to VLA models that predict a future image to be reached by the robot from the current observation
and language instruction, and condition action generation on this prediction. These models can be organized into two groups
depending on whether they predict the image itself or its latent features. The first group formulates the prediction of future
visual information and actions within a unified autoregressive token space, in which image, text, and action are treated as
sequences on a shared discrete vocabulary. In this formulation, future images and actions are generated autoregressively
within a single sequence (Zhao et al., 2025; Zhang et al., 2025; Wang et al., 2025; Cen et al., 2025). The second group
emerges as a refinement of the first, predicting future visual information as compressed latent features rather than discrete
image tokens, or implicitly aligning latent representations with future visual states. This approach avoids the redundancy
and computational overhead inherent to autoregressive pixel-token generation while still providing dense visual supervision
(Yang et al., 2025; Zhang et al.). Despite these differences, both groups share a common structure in which action generation
is conditioned on predicted visual information, and consequently both the visual prediction stage and the action generation
stage are exposed to OOD shifts leading to amplified vulnerability under such shifts.

A.2. OOD Evaluation in VLA

Several recent studies evaluate the out-of-distribution robustness of VLA models by injecting controlled perturbations
into existing manipulation benchmarks (Pumacay et al.; Fei et al., 2025). These studies consistently report that existing
VLA models, despite achieving high success rates under in-distribution evaluation, are uniformly vulnerable once such
perturbations are introduced.

A.3. Test-Time Training in VLA

Several recent studies attempt to adapt VLA models during deployment through test-time reinforcement learning (Bai et al.,
2025; Liu et al., 2026). They commonly rely on a learned progress estimator that replaces oracle reward signals and update
the policy online via reinforcement learning. These approaches differ from ours in that they require training a separate
reward model and incur substantial computational overhead from online reinforcement learning, and are designed as generic
frameworks for VLA models.

B. Complete Experimental Setup

The hyperparameters of T*VF are set to n = 4 for the prediction gap, B = 4 for the test-time training batch size, K = 5 for
the action rollout count used in variance estimation, |V| = 10 for the variance buffer size, and p = 0.3 for the percentile
threshold. The base Mantis model serves as the comparison baseline within each setting.
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Algorithm 1 T3VF: Test-Time Training Visual Foresight VLA

1: Input: Trained VF-VLA {P, I,, Ay, ¢}, instruction [, gap n, batch size B, sample count K, buffer size |V
p, max step T’

20 B0,V 0

3: fort =1toT do

, percentile

4 (RS R REY) < P(l,04,q)

s: 0 {a Y ~ Ap(Rpe)

6 s oF £ 3t — a3
7: if |V| < |V|max then

8: V.append(o?)

9: Execute a;

10: continue

11:  else

12: V.pop(), V.append(o?)

13:  endif

14:  Execute a;
15:  if o7 < Quantile,(V) then

16: ét+n — Ih([hitnSt, h;mg]’ Ot)

17: B+ BU{(6t4n,0tt+n)} once o, available
18:  end if

19: if |B| = B then

20: g+ q—aVyLrrr {TTT update}

21: B+

22:  end if

23:  if task done then break

24: end for




