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Abstract

How can vision-language-action (VLA) models adapt to new environments where1

world dynamics shift? While recent research has combined world modeling and2

action prediction to improve VLA performance, existing methods largely rely on3

pretraining in static datasets, without mechanisms for active adaptation to new4

environments. As a result, these models often fail to generalize when deployed5

in unseen scenarios with novel object configurations or dynamics. We present6

WorldAgen, a unified framework that jointly learns world modeling and action7

prediction while enabling test-time training (TTT) to adapt to new environments.8

WorldAgen employs a shared Transformer backbone with two heads: (1) a world-9

model head that predicts future states from past state-action trajectories, and (2) an10

agent-model head that predicts actions conditioned on task instructions. During11

test time, WorldAgen samples exploratory actions, collects ground-truth state12

transitions, and performs lightweight TTT updates to refine its world model. This13

adaptation improves the model’s understanding to the environments and leads14

to more accurate action predictions. Experiments on the CALVIN and LIBERO15

benchmarks demonstrate that our baseline model achieves comparable, and in some16

cases superior, performance to current state-of-the-art approaches. Moreover, with17

TTT on a small number of samples, our method surpasses existing state-of-the-art18

models, highlighting effectiveness of adapting world models at inference time.19

1 Introduction20

Vision-language-action (VLA) models have emerged as a powerful and popular paradigm for robotic21

manipulation [1, 2], enabling agents to follow natural language instructions and act directly from raw22

visual observations. Recent work has explored joint state-action prediction techniques [3–7], allowing23

models not only to predict the next actions but also to anticipate how their actions will transform the24

environment. This joint formulation has improved data efficiency and scene understanding, leading25

to stronger performance across manipulation benchmarks.26

However, we argue that current methods remain fundamentally limited by training on static datasets27

[8–10]. Once pretrained, these models lack mechanisms to adapt their internal representations of28

world dynamics when deployed in novel environments. In realistic settings, distribution shifts such29

as new object layouts, lighting conditions, or physical properties are inevitable, and static world30

modeling fails to capture these variations [11, 12]. This leads to a key question: How can we enable31

VLA models to actively adapt their understanding of the environment during test time?32

As shown in Figure 1, we address this question with WorldAgen, a unified framework that combines33

joint state-action prediction with a novel test-time training (TTT) strategy:34
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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 timestep t, the agent receives a goal instruction
Gt, observation Ot, and robot state St, and predicts an action chunk At:t+m−1. In parallel, the
world model predicts the future observation chunk Ot+1:t+n given Ot and At, refining the shared
representation of environment dynamics. (b) Two-stage Test-Time Training (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 and
WorldAgen-TTT on CALVIN and LIBERO benchmark, which show great performance gain.
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• Joint State-Action Modeling. WorldAgen uses a shared Transformer backbone with two35

heads. The world-model head predicts future states from historical state-action trajectories,36

while the agent-model head predicts actions conditioned on task instructions. By training37

these tasks jointly, WorldAgen aligns scene understanding with control.38

• Test-Time Training for Scene Adaptation. During test time, WorldAgen executes ex-39

ploratory actions to collect ground-truth state transitions. It then performs lightweight,40

LoRA-based TTT updates to refine its world model. These updates improve the internal41

representation of the environment, indirectly boosting the agent’s ability to generate effective42

actions in novel scenarios, which is depicted in.43

Our work reframes world modeling from a passive pretraining objective into an active test time44

adaptation mechanism, bridging the gap between offline training and real-world generalization.45

In sum, we make the following contributions:46

• Unified joint state-action prediction architecture. We present a single Transformer back-47

bone that integrates world modeling and action prediction, enabling shared representations48

and tighter coupling between perception and control.49

• Active test-time adaptation for VLA models. We introduce a TTT paradigm that trans-50

forms world modeling from a static pretraining into an active, test time adaptation mecha-51

nism, allowing VLA models to refine their scene understanding on the fly.52

• Empirical validation across challenging benchmarks. Our baseline achieves performance53

comparable to, or even better than, state-of-the-art methods. Furthermore, by fine-tuning the54

world modeling component with only a small number of samples at test time, our method55

attains state-of-the-art results on both the CALVIN and LIBERO benchmark.56

We believe these results demonstrate that continuous adaptation during test time, rather than merely57

scaling model size or pretraining data, is a key ingredient for robust and generalizable robotic58

manipulation, and pave the way for future research on adaptive and lifelong VLA models.59

2 Method60

In this section, we introduce WorldAgen, a unified VLA framework that integrates (1) an agent61

model for task-conditioned action prediction and (2) a world model for task-agnostic environment62

dynamics prediction. Both components share a single Transformer backbone and are further enhanced63

by a two-stage test-time training (TTT) strategy that enables online adaptation to new environments.64

2.1 Task Formulation65

We frame our task as a partially observable Markov decision process (POMDP). At each timestep66

t, the agent interacts with the environment based on two inputs: a partial observation Ot of the67

environment and a task instruction Gt. The agent predicts an action chunk At:t+m−1 of length m,68

which is then executed by the environment. After execution, the environment transitions forward69

m steps, producing new observations Ot+1:t+m and updating the underlying environment state70

St+1:t+m, where each Ot is a partial observation of the corresponding state St.71

We also maintain two types of histories:72

• Agent history: ha
t = (Ot−k:t−1, Gt−k:t−1, At−k:t−1), containing the last k observations,73

task goals, and actions, used by the agent model for task-aware action prediction.74

• World history: hw
t = (Ot−k:t−1, At−k:t−1), containing the last k observations and actions,75

used by the world model to predict task-agnostic environment dynamics.76

With these definitions, our two predictive processes are:77

pa(At:t+m−1 | Ot, Gt, h
a
t ), pw(Ot+1:t+n | Ot, At, h

w
t ),

where pa is the agent model and pw is the world model, m and n are the action and observation chunk78

lengths. WorldAgen jointly optimizes these two objectives, allowing the agent to learn task-aware79

policies while grounding them in an explicit model of environment dynamics.80
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Figure 2: Joint architecture of WorldAgen. WorldAgen integrates an agent policy head for
action prediction and a world modeling head for environment dynamics prediction within a shared
Transformer backbone. The agent model is task-conditioned, while the world model is task-agnostic,
enabling the two to share representations and reinforce each other.

2.2 Joint State-Action Prediction81

WorldAgen has two predictive components: a task-conditioned agent model and a task-agnostic world82

model, as shown in Figure 2. The two components share a single Transformer backbone for a unified83

representation between both tasks.84

Agent Model. The agent model predicts the next m actions based on the current observation Ot,85

the task instruction Gt, and the agent history ha
t :86

p(At:t+m−1 | Ot, Gt, h
a
t ),

where ha
t = (Ot−k:t−1, Gt−k:t−1, At−k:t−1) contains the past k observations, task goals, and actions.87

World Model. The world model predicts how the environment evolves in response to the agent’s88

actions. It generates the next n observations given the current observation Ot, the executed action At,89

and the world history hw
t :90

p(Ot+1:t+n | Ot, At, h
w
t ),

where hw
t = (Ot−k:t−1, At−k:t−1) contains only past observations and actions, making the world91

model task-agnostic.92

2.3 Mixed Unidirectional Attention Mask93

To ensure that the world modeling and agent policy tasks are trained jointly without information94

leakage, we introduce a mixed unidirectional attention masking mechanism as shown in Figure 3.95

This mechanism integrates two complementary components: (1) a local mask that isolates the two96

tasks at each time step, and (2) a global mask that enforces temporal causality.97

Local Mask. The local mask is used within each time step to prevent cross-task information leakage98

between the world modeling and agent policy heads, which ensures:99

• The world modeling head cannot attend to the action tokens it is supposed to predict.100

• The agent policy head cannot attend to the observation tokens it is supposed to predict.101

This task-level separation allows the two prediction heads to share the Transformer backbone while102

maintaining independence in their outputs.103

Global Mask. The global mask enforces temporal causality across time for both tasks. For a104

sequence of tokens, the global mask matrix M global is defined as:105

M global
ij =

{
0, j ≤ i

−∞, j > i,

which is added to the attention logits before the softmax operation:106

Attn(Q,K, V ) = Softmax
(
QK⊤
√
d

+M global
)
V.

This prevents both the world modeling and agent policy heads from attending to future tokens,107

ensuring strictly causal prediction.108

By combining the local mask (task separation within each time step) and the global mask (temporal109

causality), we make sure clean multi-task training in a shared Transformer backbone while preserving110

the correct conditioning structure for each task.111
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Figure 3: Mixed unidirectional attention masking. WorldAgen applies: (1) local masks at each
time step to prevent cross-task information leakage between world modeling and agent policy, and
(2) global masks to enforce temporal causality across time.

2.4 Pretraining112

We pretrain WorldAgen using large-scale trajectory data collected from robot demonstrations. Each113

trajectory consists of observations Ot, actions At, robot states St, and language instructions Gt.114

During pretraining, we jointly optimize the agent model and world model using teacher forcing:115

L = La + λLo,

where La is the cross-entropy loss for predicting future action chunks, Lo is the reconstruction loss116

for predicting future observation chunks, and λ is a weighting factor balancing the two objectives.117

This pretraining stage enables the agent model to learn task-conditioned action generation and the118

world model to learn task-agnostic environment dynamics, all within a shared Transformer backbone.119

2.5 Test-Time Training (TTT)120

While joint pretraining improves world understanding, distribution shifts in novel environments can121

still degrade performance. To address this, we introduce a two-stage test-time training (TTT) strategy122

that adapts the world model online, refining its understanding of environment dynamics and indirectly123

improving downstream action prediction. The whole pipeline is given in Figure 1.124

Stage 1: Random Exploration and Data Collection. At deployment, the agent first performs125

exploratory rollouts in the target environment. During this phase, it executes sampled action chunks126

and records trajectories of (Ot, St, At). To ensure that adaptation focuses on environment dynamics127

rather than task-specific instructions, all collected trajectories are relabeled with a generic “no-lang”128

token in place of language instructions.129

Stage 2: World Model Adaptation. Using the collected trajectories, we adapt only the world130

modeling head with LoRA-based parameter-efficient fine-tuning, while keeping the agent policy head131

and shared backbone frozen. The update rule is:132

θ′w ← θw − η∇θwLo,

where θw are the parameters of the world model head and η is the learning rate.133

This targeted update improves the predictive accuracy of the world model, which in turn enhances the134

shared representations leveraged by the agent model for action prediction. By decoupling adaptation135

from the task goal and restricting it to the world model, our TTT procedure enables robust scene136

adaptation without requiring additional task-specific annotations, paving the way for scalable test-time137

adaptation in VLA models.138
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Table 1: Performance comparison on CALVIN benchmark. We report the success rate (%) for
completing 1 to 5 consecutive tasks and the average sequence length (Avg. Len.).

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

3 Experiments139

In this section, we conduct comprehensive experiments to evaluate the effectiveness of WorldAgen140

across CALVIN and LIBERO benchmarks. We first present the main results comparing our baseline141

model and the TTT-enhanced model. Then we perform detailed ablation studies examining the impact142

of image and action chunk length, LoRA parameter configurations, and the volume of TTT data.143

3.1 Datasets144

CALVIN [13] is an open-source simulated benchmark designed for learning long-horizon language-145

conditioned robot manipulation tasks. The benchmark requires agents to solve complex manipulation146

tasks by understanding a series of unconstrained language instructions in sequence.147

LIBERO [14] is a comprehensive benchmark for lifelong learning in robot manipulation that148

emphasizes knowledge transfer across diverse tasks.149

3.2 Implementation Details150

Pretraining Given the powerful modeling capability and flexibility of Qwen3 [15], we adopt it as151

the network backbone for WorldAgen. Following the configuration established in [3], we configure152

the transformer architecture with 12 transformer heads and 24 transformer layers, resulting in a total153

network size of 370M parameters with 120M trainable parameters.154

On CALVIN benchmark, we employ an image chunk length of 1, action chunk length of 5, and155

trajectory length of 16. For LIBERO, we use an image chunk length of 1, action chunk length of 3,156

and trajectory length of 7. More details are shown in the subsequent section. Model pretraining is157

performed on a 4×H100 GPU server, taking approximately 60 hours for CALVIN and 5 hours for158

LIBERO.159

Test-Time Training Test-time training represents a crucial component of WorldAgen that enables160

adaptive performance improvements during inference. In the TTT phase, we apply LoRA fine-tuning161

to the backbone of Qwen3. Specifically, we apply LoRA to the attention projection layers (q_proj,162

k_proj, v_proj, o_proj) and the MLP projection layers (gate_proj, up_proj, down_proj) of Qwen3.163

For CALVIN, since the test scenarios are relatively uniform within each environment, we do not164

need to perform TTT for every individual sample. Instead, we conduct environment-level adaptation165

by sampling only on the first sample’s scenario. We select 34 text instructions that have appeared166

in the training set as guidance and perform random exploration for 60 frames. We then uniformly167

sample 6 times within these 60 frames, generating 204 samples for TTT. Following [16], we use168

single-epoch single-step optimization with LoRA rank set to 128, employing the AdamW optimizer169

with a learning rate of 0.005 and weight decay of 0.01.170

For LIBERO, the evaluation involves 10 different test scenarios in the LIBERO-10 dataset, necessi-171

tating a different TTT strategy. We perform scene-level TTT sampling in each individual test scenario172

to adapt to the specific environmental conditions. Similar to CALVIN, we set LoRA rank to 64,173
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Table 2: Performance comparison on LIBERO benchmark. We report the success rate (%) across
different manipulation tasks. Our method WorldAgen corresponds to the Seer model.

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

explore for 60 frames and uniformly sample for 6 times, which generates 36 samples per scenario.174

Also we employ single-epoch single-step optimization using the AdamW optimizer with a learning175

rate of 0.005 and weight decay of 0.01.176

TTT, including sampling and LoRA adaptation, can be executed on an RTX 4090 GPU and require177

approximately 8 minutes per task.178

3.3 Results179

Our experimental results demonstrate the effectiveness of WorldAgen across both CALVIN and180

LIBERO benchmarks.181

CALVIN As shown in Table 1, we compare WorldAgen with several SOTA methods. Prior works182

include models that fine-tune large vision-language backbones with policy heads for manipulation183

(RoboFlamingo [17], GR-1 [18], Seer [3]), or leverage diffusion-based planners and action learners,184

either through image editing or 3D scene understanding (SuSIE [19], 3D Diffusor Actor [20],185

CLOVER [21]).186

Our method achieves consistent performance improvements across five consecutive tasks. This187

indicates that188

TTT enhances the world modeling capability of VLA models, thereby improving their understanding189

of the environment and boosting performance in long-horizon robotic manipulation tasks.190

LIBERO As shown in Table 2, we compare WorldAgen with several SOTA baselines. Prior methods191

include multi-modal transformer architectures that combine vision, proprioception, and instructions192

for policy learning (MT-ACT [22], Seer [3]), as well as pretraining or predictive approaches that193

leverage large-scale visual data (MVP [23], MPI [24], OpenVLA [10]).194

We observe improvements or maintained performance across almost every task compared to the195

baseline. These consistent gains across diverse manipulation scenarios mirror our findings on196

CALVIN, demonstrating robustness and generalization ability of our TTT approach across different197

benchmarks and scenario dynamics.198

3.4 Ablation Study199

To systematically assess the components underlying the effectiveness of WorldAgen, we design a200

series of ablation studies across six critical dimensions: (1) the impact of image and action chunk201
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lengths on representation learning, (2) the contribution of world modeling to downstream policy202

optimization, (3) the role of LoRA parameterization during the test-time training (TTT) phase, (4) the203

effect of random-sampling data volume on TTT stability and performance, (5) the trajectory length,204

measured as the number of chunks, and (6) a comparison between lightweight LoRA adaptation and205

full finetuning strategies. Our primary analyses are carried out on the CALVIN benchmark owing to206

its standardized evaluation protocol, with selected results validated on LIBERO for generality. For207

clarity of exposition, results pertaining to (1) and (2) are reported in the main text, whereas ablations208

on (3)–(6) are presented in the Appendix.209

3.4.1 Image and Action Chunk Length210

WorldAgen offers flexible input-output interfaces, accommodating image and action chunks of211

variable lengths. We evaluate the effect of different image and action chunk lengths on model212

performance. The results are shown in Table 3.213

Table 3: Ablation study on image and action chunk lengths across CALVIN and LIBERO benchmarks.
I. Chunk and A. Chunk represent image chunk length and action chunk length, respectively

Dataset I. Chunk A. Chunk Avg. Success ↑

CALVIN

1 3 3.82
1 5 3.87
1 7 3.43
1 9 3.16
3 5 3.30
5 5 1.78

LIBERO
1 3 78.0%
1 5 74.5%
1 7 47.0%

We first fix the image chunk length to 1, as adjacent image frames contain redundant information214

and predicting more images increases computational overhead, thereby reducing model efficiency.215

By varying the action chunk length, we observe that longer action sequences lead to degraded216

performance. We attribute this to error accumulation in action predictions, where mistakes in early217

actions compound over longer sequences. However, excessively short action chunk lengths also result218

in performance degradation, as the network learns less information from the dataset.219

On LIBERO, we obtain consistent results, with performance deteriorating as action chunk length220

increases. Based on these findings, we adopt action chunk lengths of 5 for CALVIN and 3 for221

LIBERO in our main experiments.222

3.4.2 World Modeling Ability223

To validate the contribution of world modeling to agent policy learning, we conduct an ablation224

study comparing models with and without image prediction capabilities. The results are presented in225

Table 4.226

Table 4: Ablation study on world modeling. We compare models with and without image prediction
to evaluate the contribution of world modeling to agent policy learning.

Dataset Img. Pred. Head Avg. Success ↑

CALVIN × 2.96
✓ 3.87

LIBERO × 46.5%
✓ 78.0%

Specifically, we control the presence of world modeling capability by determining whether to include227

image prediction tokens in the input. The results demonstrate that world modeling significantly228

enhances agent policy performance across both benchmarks. On CALVIN, incorporating image229
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prediction improves the average success length from 2.961 to 3.87, representing a substantial 30.7%230

improvement. On LIBERO, the improvement is even more pronounced, with success rates increasing231

from 46.5% to 78.0%, a remarkable 67.7% gain. These findings confirm that232

World modeling ability helps develop better internal representations of environment dynamics,233

which in turn facilitates more effective action prediction and policy learning.234

4 Related Work235

Vision-Language-Action Models. Vision Language Action (VLA) models unify perception, lan-236

guage, and control for robotic manipulation [2, 25]. Early works such as RT-1 [26] and RT-2 [27]237

demonstrated the potential of large-scale, transformer-based policies, while PaLM-E [28] and LLaVA238

[29] incorporated multimodal grounding. However, most VLA models focus on direct action predic-239

tion and neglect explicit modeling of world dynamics, limiting their ability to generalize to novel240

environments [30].241

World Models. World models learn predictive dynamics to support planning and decision-making242

[31, 32]. Neural approaches such as World Models [33] and Dreamer [32, 34] have improved243

sample efficiency and long-horizon reasoning. Yet, in robotics, most world models are used for state244

prediction or model-based planning, largely decoupled from language-grounded action generation245

[35].246

Test-Time Training. Test-time training (TTT) adapts models to distribution shifts during inference247

by leveraging self-supervised signals [36, 37]. While TTT has been explored in vision and NLP [38],248

robotic adaptation has mainly focused on perception modules or low-level policies [39]. Our work is249

the first to incorporate TTT into a unified VLA framework by adapting the world model itself during250

deployment.251

5 Conclusion252

In this work, we present WorldAgen, a unified vision-language-action framework that combines253

joint world modeling and action prediction with test-time training. The core innovation lies in254

WorldAgen’s shared Transformer backbone architecture with dual specialized heads: a world-model255

head that predicts future states from past state-action trajectories, and an agent-model head that256

predicts actions conditioned on task instructions. During test time, WorldAgen samples exploratory257

actions, collects ground-truth state transitions, and performs lightweight TTT updates to refine its258

world model understanding. By transforming world modeling from a static pretraining objective into259

an active adaptation mechanism, WorldAgen improves environment understanding during deployment260

and achieves consistent gains on CALVIN and LIBERO benchmarks, surpassing state-of-the-art261

VLA models. With TTT adaptation using only a small number of samples, our method substantially262

outperforms existing state-of-the-art models, highlighting the effectiveness of adapting world models263

at inference time rather than relying solely on static pretraining. WorldAgen represents a paradigm264

shift toward adaptive VLA systems that can continuously improve their understanding of new265

environments through active exploration and learning, opening new directions for robust deployment266

of vision-language-action models in dynamic real-world scenarios.267

6 Limitations and Future Work268

While effective, our approach has several limitations. TTT adapts only the world model head and269

relies on random exploration, which may limit adaptation efficiency. Our evaluation is restricted270

to simulation benchmarks, and real-robot experiments remain unexplored. Future work includes271

developing task-aware or uncertainty-driven exploration strategies, enabling joint adaptation of both272

agent and world model heads, and validating WorldAgen on real robotic platforms to further enhance273

its generalization and deployment readiness.274
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Appendix408

This appendix provides comprehensive supplementary materials for our WorldAgen framework.409

We present detailed implementation specifications including benchmark descriptions (LIBERO and410

CALVIN), model architecture components (encoder, decoder, and Qwen3 backbone), and trajectory411

processing methods for variable-length chunks. Additionally, we report extensive experimental results412

examining the effects of different chunk configurations on baseline performance, and comprehensive413

Test-Time Training (TTT) analyses comparing LoRA [40] versus full fine-tuning approaches across414

various parameter settings and data sizes.415

A Implementation Details416

A.1 Benchmark417

LIBERO Benchmark [14] is a comprehensive benchmark for lifelong learning in robot manipu-418

lation that consists of four distinct task suites designed to evaluate different aspects of knowledge419

transfer. The benchmark includes LIBERO-Spatial (10 tasks focusing on spatial relationship transfer),420

LIBERO-Object (10 tasks emphasizing object-centric knowledge transfer), LIBERO-Goal (10 tasks421

targeting procedural knowledge generalization), and LIBERO-100 (100 tasks with highly entangled422

knowledge requirements). Each task suite is accompanied by high-quality human teleoperation423

demonstrations to support sample-efficient learning.424

We use LIBERO-100, which is the most challenging and comprehensive subset, containing 100425

diverse manipulation tasks that require the transfer of mixed declarative and procedural knowledge.426

This suite is further divided into LIBERO-90, consisting of 90 short-horizon tasks used for pretraining427

policies, and LIBERO-10 (also referred to as LIBERO-Long), which contains 10 long-horizon tasks428

specifically selected for evaluating downstream lifelong learning performance.429

CALVIN Benchmark [13] is an open-source simulated benchmark designed for learning long-430

horizon language-conditioned robot manipulation tasks. The dataset contains 34 manipulation tasks431

that are more complex than existing vision-and-language datasets in terms of sequence length,432

action space, and language complexity. The environment features a Franka Emika Panda robot with a433

parallel-jaw gripper operating in a desktop workspace containing various interactive objects, including434

a sliding door, drawer, colored blocks, LED, and light bulb that can be manipulated according to435

unconstrained natural language instructions.436

CALVIN provides four different environments (A, B, C, D) that vary in desk colors and object config-437

urations, enabling evaluation across different visual contexts and supporting flexible specification of438

sensor suites. The benchmark’s evaluation protocol requires agents to solve sequences of up to five439

consecutive tasks by understanding and executing a series of language instructions, such as “open the440

drawer... pick up the blue block... now push the block into the drawer... now open the sliding door.”441

This sequential task completion paradigm makes CALVIN particularly challenging for assessing442

the generalization capabilities and long-horizon reasoning of language-conditioned manipulation443

policies.444

A.2 Model Architecture445

Leveraging the flexible architecture of Transformers, we achieve unified processing of image, lan-446

guage, action, and robot state modalities, supporting variable-length image chunks and action chunks447

for both input and output.448

Encoder In the encoder component, we employ a MAE-pretrained ViT-B [41] as the visual encoder,449

utilizing dual-view RGB inputs from static and wrist cameras. Similar to Seer [3], we incorporate a450

Perceiver Resampler [42] to reduce the number of image tokens, thereby decreasing computational451

load and improving efficiency. The Perceiver Resampler is an attention-based feature compression452

module that uses a set of learnable query tokens to extract the most important information from a453

large number of image features. Through this approach, it compresses the originally large number of454

image tokens into a fixed number of compact representations, preserving essential visual information455

while significantly reducing the computational complexity of subsequent network layers.456
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Figure 4: This figure shows how we design the input trajectory of WorldAgen and split an original
robot trajectory data to satisfy the variable image and action chunk length

For language processing, we utilize the text encoder from CLIP ViT-B/32. For robot state and457

action, we employ MLPs to project them into the same embedding space. Both robot state and458

action are represented as 7-dimensional vectors, where the first 6 dimensions encode the arm state459

representing the end effector’s position and orientation, and the last dimension represents the gripper460

state indicating the open/close status. We use separate MLP layers to process arm state and gripper461

state independently, then concatenate the results.462

We initialize predicted tokens as zero-filled tensors with the same dimensions as the target actions463

and images to be predicted, and insert them after the input data at each time step.464

Decoder In the decoder, we index the predicted tokens based on the input and slice out the image465

and action tokens. For image tokens, we employ the Vision Transformer encoder architecture [41]466

for decoding, followed by a linear layer to predict pixel patches. For the action decoder, similarly,467

we use an MLP to reduce the action-corresponding vectors to 7 dimensions. For the arm state and468

gripper state components, we employ different linear layers for decoding. For the gripper state, we469

apply binary thresholding at 0.5 to represent the gripper’s open/close status (0 for closed, 1 for open).470

Backbone Qwen3 [15] represents the latest advancement in the Qwen large language model family,471

comprising both dense and Mixture-of-Experts (MoE) architectures with parameter scales ranging472

from 0.6 to 235 billion. Utilizing Qwen3 as a backbone architecture offers significant advantages473

for large language model applications, primarily through its innovative parameter efficiency where474

Qwen3 dense base models achieve performance comparable to much larger Qwen2.5 models while475

using fewer parameters, with Qwen3-4B matching the performance of Qwen2.5-72B-Instruct. The476

MoE variants provide exceptional computational efficiency, as Qwen3-MoE base models deliver477

similar performance to Qwen2.5 dense base models while utilizing only 10% of the active parameters,478

resulting in significant savings in both training and inference costs.479

A.3 Trajectory Processing480

Our model supports variable-length image and action chunks as input, which we achieve through481

preprocessing of the training data. We assume that robot trajectory data of length t generally contains482

continuous text instructions (G0:t), robot states (S0:t), actions (A0:t), and observations (O0:t), where483

subscripts denote time indices. Given a configuration where the image chunk length is n (we maintain484

equal lengths for robot state chunks, text chunks, and image chunks) and the action chunk length is485

m, our processing pipeline works as follows.486

Trajectory Splitting First, we extract the initial n text instructions (G0:n), robot states (S0:n),487

actions (A0:n), and observations (O0:n) from the trajectory as the initial chunk. This chunk serves as488

history for predicting the subsequent m consecutive actions (An:n+m). Subsequently, considering489

the information redundancy between consecutive image frames, we uniformly sample n times from490

the time steps Tn:n+m to obtain the images for the next prediction target. This alternating prediction491

scheme enables the model to generate coherent robot trajectories by iteratively predicting action492

sequences and corresponding visual observations.493
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Figure 5: This figure shows the performance of the WorldAgen model on CALVIN as the number of
chunks changes.

Example As shown in Figure 4, consider a configuration where the image chunk length is 3 and the494

action chunk length is 5. We first take the initial three frames (T0:2) as the initial chunk, then predict495

the following 5 action frames (A3:7). Next, we uniformly sample 3 times from T3:7, obtaining T3,496

T5, and T7 as the target images for prediction. And then we repeat this pipeline to get the whole497

trajectory. Note that during training, both action and image predictions employ teacher forcing.498

B Baseline Results499

In this section, we present more results of our baseline on CALVIN benchmark, including different500

number of chunks and different backbone.501

B.1 Number of Chunks502

The number of chunks in an input trajectory is given by:503

N =
L− n

m
(1)

where N is the number of chunks, L is the whole trajectory length, n and m represent the image and504

action chunk length.505

To investigate the effect of the number of chunks, we fix the image chunk length to 1 and the action506

chunk length to 3, conducting comprehensive experiments with the number of chunks varying from 2507

to 6. As illustrated in Figure 5, we observe the same pattern as in our experiments with image chunk508

lengths and action chunk lengths.509

A larger number of chunks require the model to predict more action steps, which leads to accumu-510

lation of prediction errors. And the decreasing rate becomes larger when the number of chunks511

increases. However, an excessively small number of chunks limits the model’s ability to learn the512

relationship between world modeling and actions during training.513

According to our results, setting the number of chunks to 3 achieves the best performance.514

We apply this finding to the configuration with image chunk length and action chunk length equal to515

1 and 5, thereby achieving state-of-the-art results. This demonstrates516

Both the scalability and robustness of our baseline approach, validating that the optimal chunk con-517

figuration principles discovered through systematic experimentation can be effectively transferred518

to different parameter settings to achieve superior performance.519

C Test-Time Training Results520

C.1 LoRA Configuration521

We investigate the effect of LoRA rank on TTT performance while keeping other hyperparameters522

constant, including the amount of training data and learning rate. The results are shown in Table 5.523
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Table 5: Ablation study on LoRA rank during TTT. All other parameters are kept constant.
LoRA Rank Avg. Len. ↑

16 3.928
32 3.918
64 3.918
128 3.930
256 3.923

As shown in Table 5, when the training data volume and learning rate are fixed, LoRA rank demon-524

strates minimal sensitivity to the results. The performance variations across different ranks are525

marginal (within 0.02), suggesting that under fixed learning rate and training data volume, TTT526

results are not sensitive to LoRA rank. Based on these findings, we adopt a LoRA rank of 128 for527

our main experiments as it achieves the best performance while maintaining computational efficiency.528

C.2 TTT Data Sampling Volume529

We further conducted ablation studies on the amount of test-time training data. We examine how the530

amount of data collected during the TTT phase affects model performance. The results are presented531

in Table 6.532

Table 6: 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.

Test Time Training Data Avg. Len. ↑
6 3.871

90 3.922
204 3.928
340 3.917

The results reveal an interesting trend regarding TTT data volume. As the number of training samples533

increases from 6 to 204, the average sequence length improves from 3.871 to 3.928, suggesting that534

more diverse exploration data provides richer information for world model adaptation. However,535

increasing the training data further to 340 leads to a slight drop (3.917). This suggests that:536

Moderately increasing the training data volume during TTT improves performance. Excessive537

training samples may lead to overfitting on image generation rather than action prediction,538

highlighting the need for an optimal balance in TTT data collection.539

C.3 LoRA vs. Full Fine-tuing540

We conducted a comparative study between LoRA and Full Fine-Tuning (FFT) on the CALVIN541

dataset. In our experiments, we set the LoRA rank to 128. Both LoRA fine-tuning and FFT used542

identical hyperparameters: learning rate lr = 0.0005, Adam optimizer, and weight decay of 0.01.543

Table 7: Comparison of test-time training with LoRA and FFT on CALVIN dataset. Avg. Len.
represents the average sequence length.

Method Avg. Len.
WorldAgent 3.87

WorldAgent + LoRA 3.93
WorldAgent + FFT 3.85

As shown in Table 7, our results reveal that FFT does not improve model performance and actually544

leads to a decline in performance. We attribute this phenomenon to the fact that545

FFT causes the network to overfit to the test scenarios, whereas LoRA enables the model to acquire546

scenario-specific features while preserving the original scene perception capabilities. Therefore,547
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Table 8: TTT experiments under different number of chunks (N ), image chunk length (n), and action
chunk length (m) configurations.

N n m LoRA Rank Data Size Before TTT
After TTT

3 1 3 64 170 3.89
3.90

5 1 3 256 204 3.50
3.67

3 1 5 128 204 3.87
3.93

0 34 68 102 136 170 204
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Figure 6: This figure shows that as the amount of data increases, the TTT effect gradually increases.

LoRA demonstrates superior performance by striking a better balance between adaptation to new548

scenarios and retention of pretrained knowledge.549

C.4 Scalability and Robustness550

To investigate the scalability and robustness of our method, we select three parameters crucial to TTT:551

number of chunks (N ), image chunk length (n), and action chunk length (m). We conducted TTT552

experiments across different combinations of N , n, and m values.553

We choose three representative settings with different configurations to demonstrate the generalizabil-554

ity of our approach across various parameter combinations.555

To investigate the scalability and robustness of our method, we select three parameters crucial to TTT:556

number of chunks (N ), image chunk length (n), and action chunk length (m). We conducted TTT557

experiments across different combinations of N , n, and m values.558

We choose three representative settings with different configurations to demonstrate the generalizabil-559

ity of our approach across various parameter combinations.560

As demonstrated in the Table 8, TTT consistently improves performance across different settings561

using only around 200 samples. This validates562

The scalability and robustness of our TTT approach and it can effectively adapt to various563

architectural configurations while maintaining consistent improvement patterns.564

C.5 Test-Time Training Data Size565

Furthermore, during the grid search process for the experimental configuration with n = 1, m =566

3, N = 5, as illustrated in the Figure 6, we discovered that TTT exhibits linear performance567

improvement with small amounts of data. However, when the data volume becomes excessive, we568

observe a phenomenon where TTT performance degrades. These experiments were conducted with569

LoRA rank = 256 and learning rate = 0.0005.570

We attribute this phenomenon to the fact that excessive training samples cause LoRA to overfit on the571

world modeling component, making the model more biased towards predicting world observations572

rather than executing correct actions. This finding highlights573
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The importance of carefully balancing the amount of test-time training data to achieve optimal574

performance without compromising the model’s action execution capabilities.575
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16. Declaration of LLM usage884

Question: Does the paper describe the usage of LLMs if it is an important, original, or885

non-standard component of the core methods in this research? Note that if the LLM is used886

only for writing, editing, or formatting purposes and does not impact the core methodology,887

scientific rigorousness, or originality of the research, declaration is not required.888
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Justification: It is not an important, original, or non-standard component of the core methods890

in this research.891

Guidelines:892

• The answer NA means that the core method development in this research does not893

involve LLMs as any important, original, or non-standard components.894

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/895

LLM) for what should or should not be described.896
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