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Abstract

How can vision-language-action (VLA) models adapt to new
environments where world dynamics shift? While recent re-
search has combined world modeling and action prediction
to improve VLA performance, existing methods largely rely
on pretraining in static datasets, without mechanisms for ac-
tive adaptation to new environments. As a result, these mod-
els often fail to generalize when deployed in unseen scenar-
ios with novel object configurations or dynamics. We present
WorldAgen, a unified framework that jointly learns world
modeling and action prediction while enabling Test-Time
Training (TTT) to adapt to new environments. WorldAgen
employs a shared Transformer backbone with two heads: (1)
aworldmodel head that predicts future states from past state-
action trajectories, and (2) an agent model head that pre-
dicts actions conditioned on task instructions. We design a
Mixed Unidirectional AttentionMask to separate these two
models. During test time, WorldAgen samples exploratory
actions, collects ground-truth state transitions, and performs
lightweight TTT updates to refine its world model. This adap-
tation improves the model’s understanding to the environ-
ments and leads to more accurate action predictions. Exper-
iments on the CALVIN and LIBERO benchmarks demon-
strate that our baseline model achieves comparable, and in
some cases superior, performance to current state-of-the-art
approaches. Moreover, with TTT on a small number of sam-
ples, our method surpasses existing state-of-the-art models,
highlighting effectiveness of adapting world models at infer-
ence time.

Introduction
Vision-language-action (VLA) models have emerged as a
powerful and popular paradigm for robotic manipulation
(Ma et al. 2025; Din et al. 2025), enabling agents to fol-
low natural language instructions and act directly from raw
visual observations. Recent work has explored joint state-
action prediction techniques (Tian et al. 2024; Guo et al.
2024; Liu et al. 2025; Xian and Gkanatsios 2023; Wolf et al.
2025), allowing models not only to predict the next actions
but also to anticipate how their actions will transform the
environment. This joint formulation has improved data effi-
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ciency and scene understanding, leading to stronger perfor-
mance across manipulation benchmarks.
However, we argue that current methods remain funda-

mentally limited by training on static datasets (Kim, Finn,
and Liang 2025; Li et al. 2025; Kim et al. 2024). Once pre-
trained, these models lack mechanisms to adapt their internal
representations of world dynamics when deployed in novel
environments. In realistic settings, distribution shifts such as
new object layouts, lighting conditions, or physical proper-
ties are inevitable, and static world modeling fails to capture
these variations (Wu et al. 2023b; Lanier et al. 2025). This
leads to a key question: How can we enable VLA models
to actively adapt their understanding of the environment
during test time?
As shown in Figure 1, we address this question with

WorldAgen, a unified framework that combines joint state-
action prediction with a novel TTT strategy:

• Joint State-Action Modeling.WorldAgen uses a shared
Transformer backbone with two heads. The world-model
head predicts future states from historical state-action
trajectories, while the agent-model head predicts actions
conditioned on task instructions. By training these tasks
jointly, WorldAgen aligns scene understanding with ac-
tion prediction.

• Test-Time Training for Scene Adaptation. During
test time, WorldAgen executes exploratory actions to
collect ground-truth state transitions. It then performs
lightweight, LoRA-based TTT updates to refine its world
model. These updates improve the internal representation
of the environment, indirectly boosting the agent’s ability
to generate effective actions in novel scenarios, which is
depicted in.

Our work reframes world modeling from a passive pretrain-
ing objective into an active test time adaptation mechanism,
bridging the gap between offline training and real-world
generalization.
In sum, we make the following contributions:

• Unified joint state-action prediction architecture. We
present a unified Transformer-based structure that inte-
grates world modeling and action prediction, enabling
shared representations and work separately via a Mixed
Unidirectional Attention Mask.
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Figure 1: Overview of WorldAgen. (a) WorldAgen Architecture. WorldAgen unifies an agent policy head for task-conditioned
action prediction and a world modeling head for task-agnostic state prediction within a single Transformer backbone. At tra-
jectory unit i, the agent receives the task instruction Gi, the observation chunk Oi, and the robot state chunk Si, the action
placeholder Ap and observation placeholder Op. Then it predicts the action chunk Âi. After that, the world model predicts the
future observation chunk Ôi to refine the shared representation of environment dynamics. (b) Two-stage TTT pipeline. Stage
1 performs random exploration in the new environment to collect unlabeled trajectories. Stage 2 adapts the world model using
LoRA-based fine-tuning on the observation loss Lo, improving environment modeling without modifying the agent policy. (c)
TTT Performance We tested WorldAgen with TTT strategy on CALVIN and LIBERO benchmark, which show great perfor-
mance gain.
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• Active test-time adaptation for VLA models. We in-
troduce a TTT paradigm that transforms world modeling
from a static pretraining into an active, test time adap-
tation mechanism, allowing VLA models to refine their
scene understanding on the fly.

• Empirical validation across challenging benchmarks.
Our baseline achieves performance comparable to, or
even better than, state-of-the-art methods. Furthermore,
by fine-tuning the world modeling component with only
a small number of samples at test time, our method at-
tains state-of-the-art results on both the CALVIN and
LIBERO benchmark.

We believe these results demonstrate that continuous adap-
tation during test time, rather than merely scaling model size
or pretraining data, is a key ingredient for robust and gener-
alizable robotic manipulation.

Method
Task Formulation
We frame our task as a Partially Observable Markov Deci-
sion Process (POMDP). Each rollout trajectory is divided
into a sequence of trajectory units indexed by i. A trajectory
unit is defined as Ui = (Gi, Oi, Si, Ai, Ap, Op), where Gi

denotes the task instruction, and Oi, Si, and Ai denote the
observation, robot state, and action chunks, respectively, ac-
companied by an action placeholder Ap and an observation
placeholder Op.
Each chunk (i.e., Oi, Si, and Ai) consists of a sequence

of time-indexed elements, including observations, states, or
actions extracted from the raw trajectory ω . Each element
(i.e., ot, st, at) is further tokenized into a sequence of tokens
that serves as the actual model input.
In unit i, the model first predicts an action chunk Âi con-

ditioned on the instruction Gi, the observation chunk Oi,
and the state chunk Si. It then predicts the next observa-
tion chunk conditioned on (Oi, Si, Ai) during training or
(Oi, Si, Âi) during inference1. Executing the predicted ac-
tions advances the environment and produces the next unit
Ui+1. A summary of the key notations used in the WorldA-
gen framework is provided in Table 12 in Appendix.

Joint State–Action Prediction
WorldAgen contains two predictive components: a task-
conditioned agent model and a task-agnostic world model.
Both models share a single Transformer backbone, enabling
a unified representation across tasks, as illustrated in Fig-
ure 1(a).
We maintain two types of histories:
Agent history:

h
a
i = (Gi, Ox, Sx, Âx)

i→1
x=i→k,

which contains the task instruction Gi along with the ob-
servation, robot state, and predicted action chunks from the
previous k segments. This history is used by the agent model
for task-aware action prediction.

1A history buffer h is also included in the conditioning; detailed
formulation is provided in a later section.

World history:

h
w
i = (Ox, Sx, Âx)

i→1
x=i→k,

which includes the observation, robot state, and predicted
action chunks from the previous k segments, and is used by
the world model to predict task-agnostic environment dy-
namics.
We define the two models at trajectory segment Ui as fol-

lows:
Agent Model. The agent model predicts the next action

chunk Âi conditioned on the current observation chunk Oi,
robot state chunk Si, task instruction Gi, and agent history
h
a
i :

pa

(
Âi

∣∣Gi, Oi, Si, h
a
i

)
.

World Model. The world model predicts the next ob-
servation chunk Ôi conditioned on the current observation
chunk Oi, robot state chunk Si, predicted action chunk Âi,
and world history h

w
i :

pw

(
Ôi

∣∣Oi, Si, Âi, h
w
i

)
.

During training, we adopt teacher forcing and replace all
predicted actions Âi with the ground-truth actions Ai.

Trajectory Splitting and Action Chunking
Predicting multiple actions at once has been shown to im-
prove the execution efficiency of real-world robots (Intelli-
gence et al. 2025). However, consecutive observation frames
often contain highly redundant visual information, and pre-
dicting long observation sequences slows down both train-
ing and deployment. To balance these factors, WorldAgen
supports different action chunk lengths m and observations
chunk length n. We further propose a robust trajectory split-
ting and action chunking scheme that flexibly adapts to dif-
ferent experimental configurations.
Concretely, given a rollout ω = {(ot, st, at)}T→1

t=0 with T

timesteps, we transform it into a sequence of trajectory units
{Ui}I→1

i=0 with I units. The initial unit U0 aggregates the first
n timesteps of the rollout and is paired with the first action
chunk A0 = A0↑n→1 = [a0, a1, . . . , an→1]. For units Ui

with i > 0, we uniformly sample n timesteps to construct
the current observation chunk Oi, state chunk Si, and asso-
ciated action chunk Ai:

Oi = O
n
n+(i→1)m↑n+im→1

=
[
on+im, o

n+im+↓ 1
nm↔

, . . . , o
n+im+↓n→1

n m↔

]
,

Si = S
n
n+(i→1)m↑n+im→1

=
[
sn+(i→1)m, s

n+(i→1)m+
⌊
1
nm

⌋,

. . . , s
n+(i→1)m+

⌊
n→1
n m

⌋],

Ai = An+(i→1)m↑n+im→1

=
[
an+(i→1)m, an+(i→1)m+1, . . . , an+im→1

]
.

This procedure keeps each observation chunk fixed to length
n, reducing redundant visual information and improving
runtime efficiency.

18586
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Figure 2: Trajectory Splitting, Chunking, and Two-Step Inference. Example with observation chunk length n = 2 and
action chunk length m = 3. (a) Trajectory Splitting and Chunking: a raw trajectory is divided into trajectory units Ui, where
each unit contains an observation chunk Oi and a robot state chunk Si obtained via uniform subsampling from m consecutive
observations and states, and an action chunk Ai obtained by grouping m actions. (b) Two-Step Inference: the agent model first
initializes a zero action placeholder Ap and then replaces it with the predicted action chunk Âi. The world model subsequently
predicts the next observation chunk Ôi, conditioned on the updated trajectory unit.

Figure 2 (a) illustrates an example with n = 2 and
m = 3. Algorithm of trajectory splitting and action chunk-
ing for variable length of action, observation and robot
state chunk is shown in Algorithm 1 in Appendix , where
UNIFORMSUBSAMPLE(a, b, n) uniformly samples n dis-
tinct indices from the integer interval {a, . . . , b} without re-
placement and returns them in ascending order, which we
then use to construct the observation and state chunks.

Mixed Unidirectional Attention Mask

To ensure that the world modeling and agent policy tasks
are trained jointly without information leakage, we intro-
duce a mixed unidirectional attention masking mechanism
as shown in Figure 3. This mechanism integrates two com-
plementary components:
Local mask: ensures that the current observation chunk

Oi, the robot proprioception chunk Si, the task instruction
Gi, and the action placeholder Ap cannot access the action
chunk Ai. This prevents information leakage within a single
timestep.
Global mask: guarantees that the world modeling head

remains invisible to the task instruction Gi across all time
steps. Additionally, the global mask enforces mutual invis-
ibility among the task instruction and observations to avoid
cross-modal leakage.
Meanwhile, the general structure conforms to strictly

causal prediction, such that both the world modeling and
policy heads cannot access any future tokens.

Pretraining
We pretrainWorldAgen using large-scale trajectory data col-
lected from robot demonstrations. We split trajectory using
our proposed robust splitting method. During pretraining,
we jointly optimize the agent model and world model using
teacher forcing:

L = La + εLo,

where La is the cross-entropy loss for predicting future ac-
tion chunks, Lo is the reconstruction loss for predicting fu-
ture observation chunks, and ε is a weighting factor balanc-
ing the two objectives.
It is worth noting that during training, we feed the ground-

truth action chunk (teacher forcing), whereas during testing,
the model performs autoregressive prediction by feeding the
previously predicted action chunk at each timestep.

Two-Step Inference
At test time, WorldAgen runs in a two-step inference loop
over trajectory units as shown in Figure 2 (b). For unit i, we
first perform the agent model step. We construct the input
sequence with a zero-initialized action placeholder Ap and
feed it to the agent model, which predicts the current action
chunk Âi. The predicted actions then overwrite the place-
holder Ap.

Next, we perform the world model step. Conditioned on
the task instructionGi, the current observation chunkOi and
the updated action chunk Ai (same as Âi), the world model
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Figure 3: Proposed Mixed Unidirectional Attention Mask:
combines local and global masking. For each trajectory unit,
WorldAgen applies a local mask that prevents the action
chunk Ai from attending to the corresponding action place-
holder Ap. A global mask is further used to construct a task-
agnostic world-modeling head, so that the observation place-
holder Op will not attend to the task instruction Gi. General
structure conforms to strictly causal prediction.

predicts the next observation chunk Ôi. During testing, these
two steps are applied alternately to roll out the whole trajec-
tory .

Test-Time Training
While joint pretraining improves world understanding, dis-
tribution shifts in novel environments can still degrade per-
formance. To address this, we introduce a two-stage Test-
Time Training strategy that adapts the world model on-
line, refining its understanding of environment dynamics
and indirectly improving downstream action prediction. The
whole pipeline is given in Figure 1 (b).

Stage 1: Random Exploration and Data Collection. At
deployment, the agent first performs free exploratory roll-
outs in the target environment. During this phase, it records
trajectories of (Oi, Si, Ai). To ensure that adaptation fo-
cuses on environment dynamics rather than task-specific
instructions, all collected trajectories are relabeled with a
generic “no-lang” token in place of language instructions.

Stage 2: World Model Adaptation. Using the collected
trajectories, we adapt only the shared backbone with LoRA-
based parameter-efficient fine-tuning, while keeping the
agent policy head frozen. The update rule is:

ϑ
↗
w → ϑw ↑ ϖ↓ωwLo,

where ϑw are the parameters of the world model head and ϖ

is the learning rate.

Method T1 T2 T3 T4 T5 Avg. Len. ↔
RoboFlamingo 82.4 61.9 46.6 33.1 23.5 2.47
SuSIE 87.0 69.0 49.0 38.0 26.0 2.69
GR-1 85.4 71.2 59.6 49.7 40.1 3.06
3D Diffusor Actor 92.2 78.7 63.9 51.2 41.2 3.27
CLOVER 96.0 83.5 70.8 57.5 45.4 3.53
Seer 93.0 82.4 72.3 62.6 53.3 3.64
Seer-Large 92.7 84.6 76.1 68.9 60.3 3.83

WorldAgen 96.3 87.7 76.8 67.3 59.1 3.87
WorldAgen-TTT 96.6 88.5 78.5 68.7 60.5 3.93

Table 1: Performance comparison on the CALVIN bench-
mark. We report the success rate (%) for completing 5 con-
secutive tasks and the average sequence length (ASL).

This targeted update improves world understanding abil-
ity and enhances the shared representations , which are in
turn leveraged by the agent model for action prediction.
By decoupling adaptation from the task goal and restrict-

ing it to the world model, our TTT procedure enables ro-
bust scene adaptation without requiring additional task-
specific annotations, paving the way for scalable test-
time adaptation in VLA models.

Experiments
Datasets
CALVIN. CALVIN (Mees et al. 2022) is an open-source
simulated benchmark designed for learning long-horizon
language-conditioned robot manipulation tasks. The bench-
mark requires agents to solve complex manipulation tasks
by understanding a series of unconstrained language instruc-
tions in sequence.

LIBERO. LIBERO (Liu et al. 2023a) is a comprehensive
benchmark for lifelong learning in robot manipulation that
emphasizes knowledge transfer across diverse tasks.

Implementation Details
Test-Time Training TTT represents a crucial component
of WorldAgen that enables adaptive performance improve-
ments during inference. In the TTT phase, we apply LoRA
fine-tuning to the backbone of Qwen3. Specifically, we ap-
ply LoRA to the attention projection layers (q proj, k proj,
v proj, o proj) and the MLP projection layers (gate proj,
up proj, down proj) of Qwen3.

The test-time training procedure, including sampling and
LoRA adaptation, can be executed on an RTX 4090 GPU
and require approximately 8 minutes per task for CALVIN
and 2 minutes per scene. More details can be found in Ap-
pendix.

Results
Our experimental results demonstrate the effectiveness of
WorldAgen across both CALVIN and LIBERO benchmarks.
CALVIN As shown in Table 1, we compare WorldAgen
with recent VLA baselines, including RoboFlamingo (Li
et al. 2023), SuSIE (Black et al. 2023), GR-1 (Wu et al.
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Method Avg.
Success ↔

Put soup
and box
in basket

Put box
and butter
in basket

Turn on
stove and
put pot

Put bowl in
drawer and
close it

MT-ACT 41.0 30.0 50.0 75.0 85.0
MVP 68.2 83.3 90.0 80.0 88.3
MPL 77.3 66.6 86.6 96.6 95.0

OpenVLA 54.0 35.0 95.0 65.0 45.0
Seer 78.7 80.0 90.0 91.7 81.7

WorldAgen 75.5 70.0 75.0 95.0 100
WorldAgen-TTT 79.0 85.0 75.0 95.0 100

Put mugs on
left and

right plates

Pick book
and place it
in back

Put mug on
plate and put

pudding to right

Put soup
and sauce
in basket

Put both pots
on stove

Put mug in
microwave and

close it

20.0 75.0 0.0 0.0 10.0 65.0
46.7 63.3 45.0 78.3 60.0 46.7
83.3 83.3 56.6 86.6 40.0 78.3
40.0 80.0 60.0 45.0 20.0 55.0
85.0 65.0 86.7 88.3 51.7 66.7
85.0 90.0 60.0 100 45.0 35.0
90.0 90.0 50.0 100 45.0 60.0

Table 2: Performance comparison on LIBERO benchmark. We report the success rate (%) across different manipulation tasks.

2023a), 3D Diffusor Actor (Ke, Gkanatsios, and Fragki-
adaki 2024), and CLOVER (Bu et al. 2024). WorldAgen
follows a GR-1-style GPT video architecture, but intro-
duces the Mixed Unidirectional Attention Mask to sepa-
rate task instruction from world modeling and employs a
lightweight TTT strategy to enhance world-modeling ca-
pability. Our method achieves consistent performance im-
provements across five consecutive tasks, indicating that
strengthening world modeling via TTT improves environ-

ment understanding and boosts long-horizon manipula-

tion performance.

LIBERO As shown in Table 2, we further evaluate WorldA-
gen on the LIBERO benchmark against multi-task VLA
baselines such as MT-ACT (Bharadhwaj et al. 2024),
MVP (Xiao et al. 2022), MPI (Zeng et al. 2024), Open-
VLA (Kim et al. 2024) and Seer (Tian et al. 2024). WorldA-
gen attains the best or on-par performance across most
LIBERO subsets, further supporting that test-time adapta-
tion of the world model leads to stronger environment un-
derstanding and improved robustness to distribution shifts.
We observe improvements or maintained performance

across almost every task compared to the baseline. These
consistent gains across diverse manipulation scenarios mir-
ror our findings on CALVIN, demonstrating robustness and
generalization ability of our TTT approach across different
benchmarks and scenario dynamics.

Ablation Study
To better understand the key components contributing to per-
formance, we conduct ablation studies on (1) the contribu-
tion of world modeling to policy learning, (2) the effect of

LoRA parameterization during TTT, (3) the impact of the
amount of randomly sampled data used for TTT, and (4)
transfer from simulator to the real robot. We further analyze
the impact of trajectory splitting and preprocessing, image
and action chunk lengths, and different Transformer back-
bones, and compare LoRA-based TTT with full fine-tuning
while visualizing performance before and after TTT. All ab-
lation and additional experimental results are provided in the
Appendix.

Dataset World Modeling Avg. Success ↔

CALVIN ! 2.96
↭ 3.87

LIBERO ! 46.5%
↭ 78.0%

Table 3: Ablation study on world modeling. We compare
models with and without image prediction to evaluate the
contribution of world modeling to agent policy learning.

World Modeling Ability To validate the contribution of
world modeling to policy learning, we compare models with
and without image prediction capability by including or
removing image-prediction tokens in the input as shown
in Table 3. World modeling consistently improves perfor-
mance: on CALVIN, the average success length increases
from 2.961 to 3.87 (+30.7%), and on LIBERO, the suc-
cess rate rises from 46.5% to 78.0% (+67.7%). These results
indicate that world modeling yields richer representations

of environment dynamics, leading to more effective action
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prediction and policy learning.

LoRA Rank Avg. Len. ↔
16 3.928
32 3.918
64 3.918
128 3.930
256 3.923

Table 4: Ablation study on LoRA rank during TTT in
CALVIN dataset. All other parameters are kept constant.

LoRA Configuration We study the effect of LoRA rank
on TTT performance while fixing the learning rate and train-
ing data size as shown in Table 4. Performance only varies
within 0.02 across ranks, indicating that under fixed hyper-

parameters, TTT performance is largely insensitive to the

LoRA rank. We therefore use a LoRA rank of 128 in our
main experiments, which slightly outperforms other settings
while remaining computationally efficient.

Test Time Training Data Avg. Lens. ↔
6 3.871
90 3.922
204 3.928
340 3.917

Table 5: Ablation study on TTT data sampling volume. We
vary the amount of test-time training data, defined as the
product of number of samples and repeat times.

TTT Data Sampling Volume We study how the amount
of test-time training data affects performance as shown in
Table 5. As the number of TTT samples increases from 6
to 204, the average success score improves from 3.871 to
3.928, indicating that more diverse exploration data ben-
efits world-model adaptation. However, further increasing
the data to 340 slightly reduces performance to 3.917, sug-
gesting diminishing returns and mild overfitting to image
generation rather than action prediction. These results indi-
cate that moderately increasing TTT data improves perfor-

mance, but excessive data can be counterproductive, high-

lighting the need for an appropriate TTT data budget.

w/o TTT w/o Noise w/ Noise

CALVIN 3.87 3.93 3.90
LIBERO 75.5 79.0 78.0

Table 6: Performance comparison under Gaussian noise per-
turbation.

Simulator to Real World We add Gaussian noise (std =
0.1) to the observations to simulate real-world conditions,
such as camera distortion and sensor noise, as shown in Ta-
ble 6.

This experiment indicates that even under noisy condi-

tions, our method consistently outperforms the baselines,

demonstrating its robustness and strong adaptability to

real-world uncertainty.

Related Work
Vision-Language-Action Models. Vision-Language-
Action (VLA) models unify perception, language, and
control for robotic manipulation (Sapkota et al. 2025;
Din et al. 2025). Early systems such as RT-1 and RT-2
established the effectiveness of large-scale transformer
policies, while PaLM-E and LLaVA further incorporated
multimodal grounding (Brohan et al. 2023; Zitkovich et al.
2023; Driess et al. 2023; Liu et al. 2023b). However, most
VLA models directly predict actions without explicitly
modeling world dynamics, limiting generalization to novel
environments (Zhang et al. 2025).

World Models. World models learn predictive dynam-
ics to support planning and decision-making (Sutton 1990;
Hafner et al. 2025). Neural approaches such as World
Models and Dreamer improve sample efficiency and long-
horizon reasoning (Ha and Schmidhuber 2018; Hafner et al.
2022, 2025). In robotics, however, these models are typically
used for state prediction or model-based planning and re-
main largely decoupled from language-grounded action gen-
eration (Sakagami et al. 2023).

Test-Time Training. Test-time training adapts models to
distribution shifts during inference via self-supervised ob-
jectives (Sun et al. 2020; Ma 2024). While TTT has been ex-
plored in both vision and NLP (Ye et al. 2023), robotic adap-
tation has mainly focused on perception modules or low-
level policies (Zhao, Queralta, and Westerlund 2020). Our
work instead incorporates TTT into a unified VLA frame-
work by adapting the world model itself during deployment.

Conclusion
We introduced WorldAgen, a unified vi-
sion–language–action framework that jointly learns
world modeling and action prediction through a shared
Transformer backbone. WorldAgen integrates a world-
model head that predicts future states and an agent head that
predicts task-conditioned actions. At test time, the model
performs lightweight Test-Time Training (TTT) using short
exploratory rollouts, turning world modeling into an online
adaptation signal. This enables the agent to quickly adjust
to new environments and leads to consistent performance
gains on CALVIN and LIBERO, demonstrating that adap-
tive VLA systems can benefit substantially from continual
test-time interaction.

Limitations and Future Work
Our study evaluates only a single model size and architec-
ture, and focuses test-time training exclusively on the world-
model component. Future work includes exploring larger
and more diverse model architectures, as well as develop-
ing joint test-time-training methods that improve both action
prediction and world modeling.
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