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Abstract

How can vision-language-action (VLA) models adapt to new environments where
world dynamics shift? While recent research has combined world modeling and
action prediction to improve VLA performance, existing methods largely rely on
pretraining in static datasets, without mechanisms for active adaptation to new
environments. As a result, these models often fail to generalize when deployed
in unseen scenarios 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) a world-
model head that predicts future states from past state-action trajectories, and (2) an
agent-model head that predicts actions conditioned on task instructions. During
test time, WorldAgen samples exploratory actions, collects ground-truth state
transitions, and performs lightweight TTT updates to refine its world model. This
adaptation improves the model’s understanding to the environments and leads
to more accurate action predictions. Experiments on the CALVIN and LIBERO
benchmarks demonstrate 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 samples, our method surpasses existing state-of-the-art
models, highlighting effectiveness of adapting world models at inference time.

1 Introduction

Vision-language-action (VLA) models have emerged as a powerful and popular paradigm for robotic
manipulation [1 2], enabling agents to follow natural language instructions and act directly from raw
visual observations. Recent work has explored joint state-action prediction techniques [3H7]], 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 efficiency and scene understanding, leading
to stronger performance across manipulation benchmarks.

However, we argue that current methods remain fundamentally limited by training on static datasets
[8H10]. Once pretrained, 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 properties are inevitable, and static world
modeling fails to capture these variations [[11},[12]. 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[I] we address this question with WorldAgen, a unified framework that combines
joint state-action prediction with a novel test-time training (TTT) strategy:
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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 ¢, the agent receives a goal instruction
G, observation Oy, and robot state S;, and predicts an action chunk Ay.;4,,—1. In parallel, the
world model predicts the future observation chunk Oy 1.4+, given Oy and Ay, 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 £,, 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 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 control.

* Test-Time Training for Scene Adaptation. During test time, WorldAgen executes ex-
ploratory 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 pretraining 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 single Transformer back-
bone that integrates world modeling and action prediction, enabling shared representations
and tighter coupling between perception and control.

* Active test-time adaptation for VLA models. We introduce a TTT paradigm that trans-
forms world modeling from a static pretraining into an active, test time adaptation mecha-
nism, 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
attains state-of-the-art results on both the CALVIN and LIBERO benchmark.

We believe these results demonstrate that continuous adaptation during test time, rather than merely
scaling model size or pretraining data, is a key ingredient for robust and generalizable robotic
manipulation, and pave the way for future research on adaptive and lifelong VLA models.

2 Method

In this section, we introduce WorldAgen, a unified VLA framework that integrates (1) an agent
model for task-conditioned action prediction and (2) a world model for task-agnostic environment
dynamics prediction. Both components share a single Transformer backbone and are further enhanced
by a two-stage test-time training (TTT) strategy that enables online adaptation to new environments.

2.1 Task Formulation

We frame our task as a partially observable Markov decision process (POMDP). At each timestep
t, the agent interacts with the environment based on two inputs: a partial observation O; of the
environment and a task instruction GG;. The agent predicts an action chunk A;.44,,_1 of length m,
which is then executed by the environment. After execution, the environment transitions forward
m steps, producing new observations Oyy1..+, and updating the underlying environment state
St+1:t+m, Where each O is a partial observation of the corresponding state S;.

We also maintain two types of histories:
» Agent history: h¢ = (O¢—g:1—1, Gt—k:t—1, At—k:1—1), containing the last k observations,
task goals, and actions, used by the agent model for task-aware action prediction.
* World history: h}’ = (O¢—_j.t—1, A¢—k:t—1), containing the last k observations and actions,

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

With these definitions, our two predictive processes are:
Pa(At:tym—1 | O, Gy, hY), Pw(Oty1:t4n | O, Ar, BYY),

where p,, is the agent model and p,, is the world model, m and n are the action and observation chunk
lengths. WorldAgen jointly optimizes these two objectives, allowing the agent to learn task-aware
policies while grounding them in an explicit model of environment dynamics.
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(a) Agent model. (b) World model.

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 Prediction

WorldAgen has two predictive components: a task-conditioned agent model and a task-agnostic world
model, as shown in Figure[2] The two components share a single Transformer backbone for a unified
representation between both tasks.

Agent Model. The agent model predicts the next m actions based on the current observation O,
the task instruction G, and the agent history h{:

p(At:t+m—1 | O, Gy, h?)a
where h¢ = (O4—g.t—1, Gi—g:t—1, At—k.1—1) contains the past k observations, task goals, and actions.

World Model. The world model predicts how the environment evolves in response to the agent’s
actions. It generates the next n observations given the current observation O, the executed action Ay,
and the world history h;’:

P(Oti1:t4n | O, Aty BYY),
where hy’ = (O¢—_j:t—1, At—k:t—1) contains only past observations and actions, making the world
model task-agnostic.

2.3 Mixed Unidirectional Attention Mask

To ensure that the world modeling and agent policy tasks are trained jointly without information
leakage, we introduce a mixed unidirectional attention masking mechanism as shown in Figure 3]
This mechanism integrates two complementary components: (1) a local mask that isolates the two
tasks at each time step, and (2) a global mask that enforces temporal causality.

Local Mask. The local mask is used within each time step to prevent cross-task information leakage
between the world modeling and agent policy heads, which ensures:

* The world modeling head cannot attend to the action tokens it is supposed to predict.
» The agent policy head cannot attend to the observation tokens it is supposed to predict.

This task-level separation allows the two prediction heads to share the Transformer backbone while
maintaining independence in their outputs.

Global Mask. The global mask enforces temporal causality across time for both tasks. For a
sequence of tokens, the global mask matrix M£°° is defined as:

Mglobal _ {07 .7 <i
Zj - o . .
00, j>i,
which is added to the attention logits before the softmax operation:

Attn(Q K V) — Softmax (W + Mglobal) V.
b ) \/a

This prevents both the world modeling and agent policy heads from attending to future tokens,
ensuring strictly causal prediction.

By combining the local mask (task separation within each time step) and the global mask (temporal
causality), we make sure clean multi-task training in a shared Transformer backbone while preserving
the correct conditioning structure for each task.



112

113
114
115

116
117

118
119

120

121
122
123
124

125
126
127
128
129

130
131
132

133

134
135
136
137
138

e

\—'\—

D
~

WAWE 5
COOooEen0:

%)
Y

1 P

At:t+m71

D000000E:
0000000O.
0000004
DO0000LEw
00000000«
00000000
CO000000

At:t+m—1

0t+1:t+n

D local mask D global mask DW/O mask

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
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2.4 Pretraining

We pretrain WorldAgen using large-scale trajectory data collected from robot demonstrations. Each
trajectory consists of observations Oy, actions Ay, robot states .Sy, and language instructions Gy.
During pretraining, we jointly optimize the agent model and world model using teacher forcing:

L=Ly+ o,

where L, is the cross-entropy loss for predicting future action chunks, £, is the reconstruction loss
for predicting future observation chunks, and ) is a weighting factor balancing the two objectives.

This pretraining stage enables the agent model to learn task-conditioned action generation and the
world model to learn task-agnostic environment dynamics, all within a shared Transformer backbone.

2.5 Test-Time Training (TTT)

While joint pretraining improves world understanding, distribution shifts in novel environments can
still degrade performance. To address this, we introduce a two-stage test-time training (TTT) strategy
that adapts the world model online, refining its understanding of environment dynamics and indirectly
improving downstream action prediction. The whole pipeline is given in Figure|[T]

Stage 1: Random Exploration and Data Collection. At deployment, the agent first performs
exploratory rollouts in the target environment. During this phase, it executes sampled action chunks
and records trajectories of (O, S, A;). To ensure that adaptation focuses 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 world
modeling head with LoRA-based parameter-efficient fine-tuning, while keeping the agent policy head

and shared backbone frozen. The update rule is:
0., < 0, — Vo, Lo,

where 60, are the parameters of the world model head and 7 is the learning rate.

w

This targeted update improves the predictive accuracy of the world model, which in turn enhances the
shared representations leveraged by the agent model for action prediction. By decoupling adaptation
from the task goal and restricting it to the world model, our TTT procedure enables robust scene
adaptation without requiring additional task-specific annotations, paving the way for scalable test-time
adaptation in VLA models.



139

140
141
142
143

144

145
146
147

148
149

150

151
152
153
154

155
156
157
158
159

161
162
163

164
165
166
167
168

170

171
172
173

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 | TI T2 T3 T4 T5 |Avg Len. t
RoboFlamingo 824 619 46.6 33.1 235 2.47
SuSIE 87.0 69.0 49.0 38.0 26.0 2.69
GR-1 854 712 59.6 49.7 40.1 3.06
3D Diffusor Actor 922 787 639 512 412 3.27
CLOVER 96.0 835 70.8 57.5 454 3.53
Seer 93.0 824 723 62.6 533 3.64
Seer-Large 92.7 84.6 76.1 689 603 3.83
WorldAgen 96.3 87.7 768 67.3 59.1 3.87
WorldAgen-TTT 96.6 88.5 78.5 68.7 60.5 3.93

3 Experiments

In this section, we conduct comprehensive experiments to evaluate the effectiveness of WorldAgen
across CALVIN and LIBERO benchmarks. We first present the main results comparing our baseline
model and the TTT-enhanced model. Then we perform detailed ablation studies examining the impact
of image and action chunk length, LoRA parameter configurations, and the volume of TTT data.

3.1 Datasets

CALVIN [13]] is an open-source simulated benchmark designed for learning long-horizon language-
conditioned robot manipulation tasks. The benchmark requires agents to solve complex manipulation
tasks by understanding a series of unconstrained language instructions in sequence.

LIBERO [14] is a comprehensive benchmark for lifelong learning in robot manipulation that
emphasizes knowledge transfer across diverse tasks.

3.2 Implementation Details

Pretraining Given the powerful modeling capability and flexibility of Qwen3 [15]], we adopt it as
the network backbone for WorldAgen. Following the configuration established in [3]], we configure
the transformer architecture with 12 transformer heads and 24 transformer layers, resulting in a total
network size of 370M parameters with 120M trainable parameters.

On CALVIN benchmark, we employ an image chunk length of 1, action chunk length of 5, and
trajectory length of 16. For LIBERO, we use an image chunk length of 1, action chunk length of 3,
and trajectory length of 7. More details are shown in the subsequent section. Model pretraining is
performed on a 4xH100 GPU server, taking approximately 60 hours for CALVIN and 5 hours for
LIBERO.

Test-Time Training Test-time training represents a crucial component of WorldAgen that enables
adaptive performance improvements during inference. In the TTT phase, we apply LoRA fine-tuning
to the backbone of Qwen3. Specifically, we apply 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.

For CALVIN, since the test scenarios are relatively uniform within each environment, we do not
need to perform TTT for every individual sample. Instead, we conduct environment-level adaptation
by sampling only on the first sample’s scenario. We select 34 text instructions that have appeared
in the training set as guidance and perform random exploration for 60 frames. We then uniformly
sample 6 times within these 60 frames, generating 204 samples for TTT. Following [[16], we use
single-epoch single-step optimization with LoRA rank set to 128, employing the AdamW optimizer
with a learning rate of 0.005 and weight decay of 0.01.

For LIBERO, the evaluation involves 10 different test scenarios in the LIBERO-10 dataset, necessi-
tating a different TTT strategy. We perform scene-level TTT sampling in each individual test scenario
to adapt to the specific environmental conditions. Similar to CALVIN, we set LoRA rank to 64,
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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.

Ave. Put soup Put box Turn on Put bowl in
Method Succe:gss 1 and box and butter stove and drawer and
in basket in basket put pot 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 Pick book Put mug on Put soup Put both pots Put mug in

left and and place it plate and put  and sauce on stove microwave and
right plates in back pudding to right in basket 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.
Also we employ single-epoch single-step optimization using the AdamW optimizer with a learning
rate of 0.005 and weight decay of 0.01.

TTT, including sampling and LoRA adaptation, can be executed on an RTX 4090 GPU and require
approximately 8 minutes per task.

3.3 Results

Our experimental results demonstrate the effectiveness of WorldAgen across both CALVIN and
LIBERO benchmarks.

CALVIN As shown in Table|l} we compare WorldAgen with several SOTA methods. Prior works
include models that fine-tune large vision-language backbones with policy heads for manipulation
(RoboFlamingo [17], GR-1 [18]], Seer [3])), or leverage diffusion-based planners and action learners,
either through image editing or 3D scene understanding (SuSIE [19]], 3D Diffusor Actor [20],
CLOVER [21])).

Our method achieves consistent performance improvements across five consecutive tasks. This
indicates that

TTT enhances the world modeling capability of VLA models, thereby improving their understanding
of the environment and boosting performance in long-horizon robotic manipulation tasks.

LIBERO As shown in Table |2} we compare WorldAgen with several SOTA baselines. Prior methods
include multi-modal transformer architectures that combine vision, proprioception, and instructions
for policy learning (MT-ACT [22], Seer [3]]), as well as pretraining or predictive approaches that
leverage large-scale visual data (MVP [23]], MPI [24], OpenVLA [10]).

We observe improvements or maintained performance across almost every task compared to the
baseline. These consistent gains across diverse manipulation scenarios mirror our findings on
CALVIN, demonstrating robustness and generalization ability of our TTT approach across different
benchmarks and scenario dynamics.

3.4 Ablation Study

To systematically assess the components underlying the effectiveness of WorldAgen, we design a
series of ablation studies across six critical dimensions: (1) the impact of image and action chunk
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lengths on representation learning, (2) the contribution of world modeling to downstream policy
optimization, (3) the role of LORA parameterization during the test-time training (TTT) phase, (4) the
effect of random-sampling data volume on TTT stability and performance, (5) the trajectory length,
measured as the number of chunks, and (6) a comparison between lightweight LoRA adaptation and
full finetuning strategies. Our primary analyses are carried out on the CALVIN benchmark owing to
its standardized evaluation protocol, with selected results validated on LIBERO for generality. For
clarity of exposition, results pertaining to (1) and (2) are reported in the main text, whereas ablations
on (3)—(6) are presented in the Appendix.

3.4.1 Image and Action Chunk Length

WorldAgen offers flexible input-output interfaces, accommodating image and action chunks of
variable lengths. We evaluate the effect of different image and action chunk lengths on model
performance. The results are shown in Table 3]

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 1. Chunk A. Chunk Avg. Success 1

3.82
3.87
3.43
3.16
3.30
1.78

78.0%
74.5%
47.0%

CALVIN

LIBERO

— e [N QO = e e
ANV, IS RV, IV, INREN I [N

We first fix the image chunk length to 1, as adjacent image frames contain redundant information
and predicting more images increases computational overhead, thereby reducing model efficiency.
By varying the action chunk length, we observe that longer action sequences lead to degraded
performance. We attribute this to error accumulation in action predictions, where mistakes in early
actions compound over longer sequences. However, excessively short action chunk lengths also result
in performance degradation, as the network learns less information from the dataset.

On LIBERO, we obtain consistent results, with performance deteriorating as action chunk length
increases. Based on these findings, we adopt action chunk lengths of 5 for CALVIN and 3 for
LIBERO in our main experiments.

3.4.2 World Modeling Ability

To validate the contribution of world modeling to agent policy learning, we conduct an ablation
study comparing models with and without image prediction capabilities. The results are presented in
Table @

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 1

X 2.96
CALVIN v 3.87

X 46.5%
LIBERO v 78.0%

Specifically, we control the presence of world modeling capability by determining whether to include
image prediction tokens in the input. The results demonstrate that world modeling significantly
enhances agent policy performance across both benchmarks. On CALVIN, incorporating image
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prediction improves the average success length from 2.961 to 3.87, representing a substantial 30.7%
improvement. On LIBERO, the improvement is even more pronounced, with success rates increasing
from 46.5% to 78.0%, a remarkable 67.7% gain. These findings confirm that

World modeling ability helps develop better internal representations of environment dynamics,
which in turn facilitates more effective action prediction and policy learning.

4 Related Work

Vision-Language-Action Models. Vision Language Action (VLA) models unify perception, lan-
guage, and control for robotic manipulation [2} 25]. Early works such as RT-1 [26] and RT-2 [27]
demonstrated the potential of large-scale, transformer-based policies, while PaLM-E [28] and LLaVA
[29] incorporated multimodal grounding. However, most VLA models focus on direct action predic-
tion and neglect explicit modeling of world dynamics, limiting their ability to generalize to novel
environments [30].

World Models. World models learn predictive dynamics to support planning and decision-making
[31} 132]]. Neural approaches such as World Models [33]] and Dreamer [32} [34] have improved
sample efficiency and long-horizon reasoning. Yet, in robotics, most world models are used for state
prediction or model-based planning, largely decoupled from language-grounded action generation
[35].

Test-Time Training. Test-time training (TTT) adapts models to distribution shifts during inference
by leveraging self-supervised signals [36}137]. While TTT has been explored in vision and NLP [38],
robotic adaptation has mainly focused on perception modules or low-level policies [39]. Our work is
the first to incorporate TTT into a unified VLA framework by adapting the world model itself during
deployment.

5 Conclusion

In this work, we present WorldAgen, a unified vision-language-action framework that combines
joint world modeling and action prediction with test-time training. The core innovation lies in
WorldAgen’s shared Transformer backbone architecture with dual specialized heads: a world-model
head that predicts future states from past state-action trajectories, and an agent-model head that
predicts actions conditioned on task instructions. During test time, WorldAgen samples exploratory
actions, collects ground-truth state transitions, and performs lightweight TTT updates to refine its
world model understanding. By transforming world modeling from a static pretraining objective into
an active adaptation mechanism, WorldAgen improves environment understanding during deployment
and achieves consistent gains on CALVIN and LIBERO benchmarks, surpassing state-of-the-art
VLA models. With TTT adaptation using only a small number of samples, our method substantially
outperforms existing state-of-the-art models, highlighting the effectiveness of adapting world models
at inference time rather than relying solely on static pretraining. WorldAgen represents a paradigm
shift toward adaptive VLA systems that can continuously improve their understanding of new
environments through active exploration and learning, opening new directions for robust deployment
of vision-language-action models in dynamic real-world scenarios.

6 Limitations and Future Work

While effective, our approach has several limitations. TTT adapts only the world model head and
relies on random exploration, which may limit adaptation efficiency. Our evaluation is restricted
to simulation benchmarks, and real-robot experiments remain unexplored. Future work includes
developing task-aware or uncertainty-driven exploration strategies, enabling joint adaptation of both
agent and world model heads, and validating WorldAgen on real robotic platforms to further enhance
its generalization and deployment readiness.
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Appendix

This appendix provides comprehensive supplementary materials for our WorldAgen framework.
We present detailed implementation specifications including benchmark descriptions (LIBERO and
CALVIN), model architecture components (encoder, decoder, and Qwen3 backbone), and trajectory
processing methods for variable-length chunks. Additionally, we report extensive experimental results
examining the effects of different chunk configurations on baseline performance, and comprehensive
Test-Time Training (TTT) analyses comparing LoRA [40] versus full fine-tuning approaches across
various parameter settings and data sizes.

A Implementation Details

A.1 Benchmark

LIBERO Benchmark [14] is a comprehensive benchmark for lifelong learning in robot manipu-
lation that consists of four distinct task suites designed to evaluate different aspects of knowledge
transfer. The benchmark includes LIBERO-Spatial (10 tasks focusing on spatial relationship transfer),
LIBERO-Object (10 tasks emphasizing object-centric knowledge transfer), LIBERO-Goal (10 tasks
targeting procedural knowledge generalization), and LIBERO-100 (100 tasks with highly entangled
knowledge requirements). Each task suite is accompanied by high-quality human teleoperation
demonstrations to support sample-efficient learning.

We use LIBERO-100, which is the most challenging and comprehensive subset, containing 100
diverse manipulation tasks that require the transfer of mixed declarative and procedural knowledge.
This suite is further divided into LIBERO-90, consisting of 90 short-horizon tasks used for pretraining
policies, and LIBERO-10 (also referred to as LIBERO-Long), which contains 10 long-horizon tasks
specifically selected for evaluating downstream lifelong learning performance.

CALVIN Benchmark [13] is an open-source simulated benchmark designed for learning long-
horizon language-conditioned robot manipulation tasks. The dataset contains 34 manipulation tasks
that are more complex than existing vision-and-language datasets in terms of sequence length,
action space, and language complexity. The environment features a Franka Emika Panda robot with a
parallel-jaw gripper operating in a desktop workspace containing various interactive objects, including
a sliding door, drawer, colored blocks, LED, and light bulb that can be manipulated according to
unconstrained natural language instructions.

CALVIN provides four different environments (A, B, C, D) that vary in desk colors and object config-
urations, enabling evaluation across different visual contexts and supporting flexible specification of
sensor suites. The benchmark’s evaluation protocol requires agents to solve sequences of up to five
consecutive tasks by understanding and executing a series of language instructions, such as “open the
drawer... pick up the blue block... now push the block into the drawer... now open the sliding door.”
This sequential task completion paradigm makes CALVIN particularly challenging for assessing
the generalization capabilities and long-horizon reasoning of language-conditioned manipulation
policies.

A.2 Model Architecture

Leveraging the flexible architecture of Transformers, we achieve unified processing of image, lan-
guage, action, and robot state modalities, supporting variable-length image chunks and action chunks
for both input and output.

Encoder In the encoder component, we employ a MAE-pretrained ViT-B [41] as the visual encoder,
utilizing dual-view RGB inputs from static and wrist cameras. Similar to Seer [3]], we incorporate a
Perceiver Resampler [42]] to reduce the number of image tokens, thereby decreasing computational
load and improving efficiency. The Perceiver Resampler is an attention-based feature compression
module that uses a set of learnable query tokens to extract the most important information from a
large number of image features. Through this approach, it compresses the originally large number of
image tokens into a fixed number of compact representations, preserving essential visual information
while significantly reducing the computational complexity of subsequent network layers.
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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 and
action, we employ MLPs to project them into the same embedding space. Both robot state and
action are represented as 7-dimensional vectors, where the first 6 dimensions encode the arm state
representing the end effector’s position and orientation, and the last dimension represents the gripper
state indicating the open/close status. We use separate MLP layers to process arm state and gripper
state independently, then concatenate the results.

We initialize predicted tokens as zero-filled tensors with the same dimensions as the target actions
and images to be predicted, and insert them after the input data at each time step.

Decoder In the decoder, we index the predicted tokens based on the input and slice out the image
and action tokens. For image tokens, we employ the Vision Transformer encoder architecture [41]
for decoding, followed by a linear layer to predict pixel patches. For the action decoder, similarly,
we use an MLP to reduce the action-corresponding vectors to 7 dimensions. For the arm state and
gripper state components, we employ different linear layers for decoding. For the gripper state, we
apply binary thresholding at 0.5 to represent the gripper’s open/close status (0 for closed, 1 for open).

Backbone Qwen3 [[L5] represents the latest advancement in the Qwen large language model family,
comprising both dense and Mixture-of-Experts (MoE) architectures with parameter scales ranging
from 0.6 to 235 billion. Utilizing Qwen3 as a backbone architecture offers significant advantages
for large language model applications, primarily through its innovative parameter efficiency where
Qwen3 dense base models achieve performance comparable to much larger Qwen2.5 models while
using fewer parameters, with Qwen3-4B matching the performance of Qwen2.5-72B-Instruct. The
MoE variants provide exceptional computational efficiency, as Qwen3-MoE base models deliver
similar performance to Qwen2.5 dense base models while utilizing only 10% of the active parameters,
resulting in significant savings in both training and inference costs.

A.3 Trajectory Processing

Our model supports variable-length image and action chunks as input, which we achieve through
preprocessing of the training data. We assume that robot trajectory data of length ¢ generally contains
continuous text instructions (Gy.;), robot states (Sg.;), actions (Ag.;), and observations (Oy.;), where
subscripts denote time indices. Given a configuration where the image chunk length is n (we maintain
equal lengths for robot state chunks, text chunks, and image chunks) and the action chunk length is
m, our processing pipeline works as follows.

Trajectory Splitting First, we extract the initial n text instructions (Gy.,,), robot states (Sg.,,),
actions (Ag., ), and observations (Oy.,,) from the trajectory as the initial chunk. This chunk serves as
history for predicting the subsequent m consecutive actions (A4 ). Subsequently, considering
the information redundancy between consecutive image frames, we uniformly sample n times from
the time steps 17,.,+m to obtain the images for the next prediction target. This alternating prediction
scheme enables the model to generate coherent robot trajectories by iteratively predicting action
sequences and corresponding visual observations.
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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 the
action chunk length is 5. We first take the initial three frames (75.2) as the initial chunk, then predict
the following 5 action frames (As.7). Next, we uniformly sample 3 times from 75.7, obtaining 75,
Ts, and 7% as the target images for prediction. And then we repeat this pipeline to get the whole
trajectory. Note that during training, both action and image predictions employ teacher forcing.

B Baseline Results

In this section, we present more results of our baseline on CALVIN benchmark, including different
number of chunks and different backbone.

B.1 Number of Chunks

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

L—n
m

N =

ey

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

To investigate the effect of the number of chunks, we fix the image chunk length to 1 and the action
chunk length to 3, conducting comprehensive experiments with the number of chunks varying from 2
to 6. As illustrated in Figure 5, we observe the same pattern as in our experiments with image chunk
lengths and action chunk lengths.

A larger number of chunks require the model to predict more action steps, which leads to accumu-
lation of prediction errors. And the decreasing rate becomes larger when the number of chunks
increases. However, an excessively small number of chunks limits the model’s ability to learn the
relationship between world modeling and actions during training.

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

We apply this finding to the configuration with image chunk length and action chunk length equal to
1 and 5, thereby achieving state-of-the-art results. This demonstrates

Both the scalability and robustness of our baseline approach, validating that the optimal chunk con-
figuration principles discovered through systematic experimentation can be effectively transferred
to different parameter settings to achieve superior performance.

C Test-Time Training Results

C.1 LoRA Configuration

We investigate the effect of LoRA rank on TTT performance while keeping other hyperparameters
constant, including the amount of training data and learning rate. The results are shown in Table 5]
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Table 5: Ablation study on LoRA rank during TTT. All other parameters are kept constant.
LoRA Rank Avg. Len. 1

16 3.928
32 3.918
64 3918
128 3.930
256 3.923

As shown in Table[5] when the training data volume and learning rate are fixed, LoRA rank demon-
strates minimal sensitivity to the results. The performance variations across different ranks are
marginal (within 0.02), suggesting that under fixed learning rate and training data volume, TTT
results are not sensitive to LoRA rank. Based on these findings, we adopt a LoRA rank of 128 for
our main experiments as it achieves the best performance while maintaining computational efficiency.

C.2 TTT Data Sampling Volume

We further conducted ablation studies on the amount of test-time training data. We examine how the
amount of data collected during the TTT phase affects model performance. The results are presented
in Table

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. 1

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 samples
increases from 6 to 204, the average sequence length improves from 3.871 to 3.928, suggesting that
more diverse exploration data provides richer information for world model adaptation. However,
increasing the training data further to 340 leads to a slight drop (3.917). This suggests that:

Moderately increasing the training data volume during TTT improves performance. Excessive
training samples may lead to overfitting on image generation rather than action prediction,
highlighting the need for an optimal balance in TTT data collection.

C.3 LoRA vs. Full Fine-tuing

We conducted a comparative study between LoRA and Full Fine-Tuning (FFT) on the CALVIN
dataset. In our experiments, we set the LoRA rank to 128. Both LoRA fine-tuning and FFT used
identical hyperparameters: learning rate [~ = 0.0005, Adam optimizer, and weight decay of 0.01.

Table 7: Comparison of test-time training with LoORA 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 actually
leads to a decline in performance. We attribute this phenomenon to the fact that

FFT causes the network to overfit to the test scenarios, whereas LoRA enables the model to acquire
scenario-specific features while preserving the original scene perception capabilities. Therefore,
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Table 8: TTT experiments under different number of chunks (/V), image chunk length (n), and action
chunk length (m) configurations.
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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 new
scenarios and retention of pretrained knowledge.

C.4 Scalability and Robustness

To investigate the scalability and robustness of our method, we select three parameters crucial to TTT:
number of chunks (/V), image chunk length (), and action chunk length (m). We conducted TTT
experiments across different combinations of N, n, and m values.

We choose three representative settings with different configurations to demonstrate the generalizabil-
ity of our approach across various parameter combinations.

To investigate the scalability and robustness of our method, we select three parameters crucial to TTT:
number of chunks (/V), image chunk length (n), and action chunk length (m). We conducted TTT
experiments across different combinations of N, n, and m values.

We choose three representative settings with different configurations to demonstrate the generalizabil-
ity of our approach across various parameter combinations.

As demonstrated in the Table[8] TTT consistently improves performance across different settings
using only around 200 samples. This validates

The scalability and robustness of our TTT approach and it can effectively adapt to various
architectural configurations while maintaining consistent improvement patterns.

C.5 Test-Time Training Data Size

Furthermore, during the grid search process for the experimental configuration withn = 1, m =
3, N = 5, as illustrated in the Figure @ we discovered that TTT exhibits linear performance
improvement with small amounts of data. However, when the data volume becomes excessive, we
observe a phenomenon where TTT performance degrades. These experiments were conducted with
LoRA rank = 256 and learning rate = 0.0005.

We attribute this phenomenon to the fact that excessive training samples cause LoRA to overfit on the
world modeling component, making the model more biased towards predicting world observations
rather than executing correct actions. This finding highlights
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Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: See Abstract and Section [l
Guidelines:
* The answer NA means that the abstract and introduction do not include the claims

made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: See Section

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: See Section 2land [
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: Open access to the data and code, with sufficient instructions could be provided.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they

should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See Section [l
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: See Section 3.3]
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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8.

10.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See Section [3
Guidelines:

» The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper strictly conform with the NeurIPS Code
of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: See Section
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: See References.
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

23


paperswithcode.com/datasets

833
834

835

836
837

838

839
840

841

850

851
852
853

854

855

856

857

858

859
860
861

862
863
864

865
866

867
868
869
870

871

872

873

874

875
876
877
878
879
880
881

882
883

13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: New assets introduced in the paper could be documented and the documentation
could be provided.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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884 16. Declaration of LLLM usage

885 Question: Does the paper describe the usage of LLMs if it is an important, original, or
886 non-standard component of the core methods in this research? Note that if the LLM is used
887 only for writing, editing, or formatting purposes and does not impact the core methodology,
888 scientific rigorousness, or originality of the research, declaration is not required.

889 Answer: [NA]

890 Justification: It is not an important, original, or non-standard component of the core methods
891 in this research.

892 Guidelines:

893 * The answer NA means that the core method development in this research does not
894 involve LLMs as any important, original, or non-standard components.

895 * Please refer to our LLM policy (https://neurips.cc/Conferences/2025/
896 L.L.M) for what should or should not be described.
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