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Abstract

Contact-rich manipulation requires fine-grained control and complex physical
interactions with the environment, posing significant challenges for robot policy
learning. Vision-only policies struggle with such tasks, as contact states and
interaction forces are difficult to infer from visual observations alone. Existing
methods mitigate this issue by incorporating force or tactile sensing. However,
they often treat these signals as auxiliary observations without fully exploiting
their role in modeling future interaction dynamics. To address this, we propose
ForceLDM, a force-aware latent dynamics model that learns future contact and
motion dynamics to guide action generation. Rather than directly predicting
future observations, which can entangle task-relevant dynamics with irrelevant
sensory details, ForceLDM learns a compact representation of future dynamics
through knowledge distillation. Specifically, a teacher network with privileged
future force/torque and optical flow signals extracts future dynamic features, which
are then distilled into a student network trained only on current observations.
This enables the student model to reason about upcoming contacts and physical
dynamics without relying on future sensory inputs at deployment. To improve
robustness and generalization, we further introduce a curriculum-based progressive
noise injection strategy to mitigate over-reliance on future features. Experiments
on five real-world contact-rich manipulation tasks demonstrate that ForceLDM
outperforms state-of-the-art baselines, generalizes effectively to novel objects, and
remains robust to environmental perturbations. Project page and code are available
at https://tpy001.github.io/ForceLDM/.

1 Introduction

Humans are naturally capable of performing dexterous manipulation such as USB insertion and
component assembly. However, these simple daily tasks remain highly challenging for robots.
Contact-rich manipulation, particularly high-precision insertion, requires not only accurate motion
planning and execution, but also the ability to perceive and respond to contact forces in real time [11,
44, 22]. Although vision-based policies have achieved remarkable progress in general-purpose
robotic manipulation [17, 5, 4, 3], they still struggle with contact-rich tasks, as contact states and
force magnitudes are often difficult to infer reliably from vision alone. This limitation has motivated

40th Conference on Neural Information Processing Systems (NeurIPS 2026).

https://tpy001.github.io/ForceLDM/


(a) Force-aware VLA

Vision-Language-Action 

Models

Student

Policy

Action

(c) ForceLDM (Ours)(b) World Action Model

World Action

Models

StateImages Force

+ +

StateImages

+

Action Future Video

StateImages Force

+ +

Future ForceFuture Motion

+

Teacher

Policy

Action Action

Future Dynamics 

Distillation 

Figure 1: Comparison with prior methods. (a) Force-aware VLAs incorporate force feedback but
lack explicit modeling of future interaction dynamics. (b) Video-based WAMs model future dynamics
through visual prediction, but often lack force/tactile feedback and may fit task-irrelevant visual
details. (c) ForceLDM learns compact, action-relevant future dynamics by distilling future motion
and force cues from a privileged teascher.

recent studies [46, 21, 25, 52, 44] to incorporate physical feedback, such as force or torque sensing,
to improve contact-rich manipulation performance.

Recent studies on force-aware contact-rich manipulation have primarily focused on designing more ef-
fective multimodal architectures to fully exploit force/torque feedback. For example, ForceVLA [46]
employs a Mixture-of-Experts (MoE) architecture with modality-specific experts to adaptively
fuse visual and force features. TA-VLA [52] investigates joint torque fusion in VLA models and
shows that injecting torque signals into the action generation module improves performance. Other
works [44, 54] explore fast-slow dual-system architectures that combine low-frequency vision with
high-frequency force feedback for responsive control.

Despite these advances, most work still treats force/torque signals as additional inputs without
modeling future interaction dynamics. This leads to two key limitations. First, high-dimensional
visual observations provide rich global semantics, whereas low-dimensional force/torque signals are
spatiotemporally sparse and only effective during the contact stage. Consequently, models tend to
rely on visual cues while failing to fully exploit force feedback [32, 7, 41]. Second, most force-aware
VLAs learn only a mapping from current observations to actions, which may lead to overfitting to
expert behaviors and limit generalization to unseen environments.
A natural approach to addressing these limitations is to incorporate world models into VLAs, learning
dynamics modeling through future observation prediction [13, 42, 51]. However, we find that
integrating this idea into force-aware VLAs is non-trivial. On the one hand, most existing world
models are based on video generation models. They can generate visually realistic videos, but may fail
to capture physically consistent contact dynamics. Fine-tuning these models with force observations
requires substantial computational resources and large amounts of synchronized multimodal data.
On the other hand, predicting future observations often entangles task-relevant dynamics with task-
irrelevant details, such as backgrounds, object appearances, and sensor noise. This may lead models
to focus on irrelevant information rather than dynamics that are critical for control.

To address these challenges, we propose ForceLDM, a force-aware latent dynamics model for
contact-rich manipulation. As illustrated in Figure 1, ForceLDM uses optical flow and force/torque
signals as dynamics representations, providing direct information about motion and contact. To
effectively model these dynamics, we propose a Future-Dynamics Distillation framework that distills
future dynamics from a teacher to a student model. Specifically, a privileged teacher model extracts
compact dynamics features from future observations by predicting actions. This encourages the
teacher to selectively retain information that is most useful for control. A student policy is then trained
to match these latent representations using a set of learnable query tokens. This allows the student to
imagine future dynamics in the teacher’s latent space without reconstructing future observations in full
detail. To further improve generalization, we introduce curriculum-based Progressive Noise Injection,
which gradually increases noise on the student’s query tokens to reduce overfitting. Together, these
designs enable ForceLDM to learn control-relevant future dynamics and improve generalization in
contact-rich manipulation.
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We evaluate ForceLDM on five real-world contact-rich manipulation tasks under both in-distribution
and out-of-distribution settings. ForceLDM achieves stronger task performance and better generaliza-
tion to unseen visual and physical variations than existing VLA and force-aware baselines. Further
ablations and representation analyses show that the student queries encode predictive information
about future force and motion dynamics, indicating that ForceLDM implicitly learns physical in-
teraction dynamics rather than merely fitting expert actions. Our contributions are summarized as
follows:

• We propose a future dynamics representation where force/torque reflects contact states
and optical flow encodes motion dynamics, overcoming the limitations of purely visual
representations in contact-rich manipulation.

• We introduce ForceLDM, a force-aware latent dynamics model that enables effective dy-
namics modeling from current observations, improving policy robustness and generalization
to unseen objects and environmental variations.

• We empirically validate ForceLDM on five real-world contact-rich manipulation tasks,
demonstrating its effectiveness in improving task performance, out-of-distribution general-
ization, and implicit dynamics learning.

2 Related Work

Vision-Language-Action Models. Recent studies have leveraged pretrained vision-language models
to build general-purpose robotic policies that follow open-ended instructions and perform diverse
manipulation tasks [58, 5, 24, 3]. These methods encode visual observations and language instructions
into multimodal representations and map them to robot actions. Existing approaches adapt VLMs
into robot policies by either autoregressively predicting discretized action tokens [17, 33] or directly
modeling continuous action distributions via flow matching [5, 3]. Building on these foundations,
recent studies further improve VLA models by enhancing high-level reasoning and planning [23, 26],
strengthening 3D spatial perception [35, 20], incorporating memory mechanisms [37, 43], and
developing dual-system architectures [6, 38]. Despite these advances, most VLA policies rely
primarily on visual observations and robot states, which provide limited information about contact
events, force directions and friction. To bridge this gap, we introduce ForceLDM, which fuses
force/torque sensing with vision-language representations to improve precision and compliance in
contact-rich manipulation.

Contact-Rich Manipulation with Physical Feedback. Several approaches have explored incorpo-
rating physical feedback into robotic policies. Forcemimic [25] and FoAR [11] introduce force-aware
policies by integrating 6-DoF force/torque measurements, enabling robots to better perceive interac-
tion dynamics. Other works [52, 31] exploit proprioceptive signals, such as joint efforts, to estimate
external contact states without additional force sensors. Beyond force-based sensing, tactile-based
approaches leverage high-resolution tactile images to capture localized contact geometry and sur-
face interactions [14, 10, 15, 2]. To fuse these physical modalities with vision-language features,
existing methods adopt feature concatenation [49, 52, 10], cross-attention [12, 57, 18], gating mecha-
nisms [11, 50, 54, 19], and Mixture-of-Experts architectures [16, 46, 21]. Building on this, recent
works [47, 54, 27, 41] incorporate world models to reason about future physical interactions by jointly
predict future force or tactile signals and future videos. However, this multimodal prediction paradigm
requires large-scale synchronized visual and force/tactile data and incurs substantial computational
overhead, leading to high inference latency. In contrast, our method distills task-relevant future force
and motion signals into the policy, enabling efficient inference by avoiding video generation.

World Modeling for VLA Policies. VLA policies learn a direct mapping from current visual-
language observations to robot actions [58, 17, 5], whereas world models learn how future world
states evolve through interaction [9, 56, 45]. Incorporating world modeling into VLA policies
augments action supervision with future-state prediction, allowing action generation to account for
future consequences rather than expert actions alone [13, 8, 51, 42]. Early world-action models
realize this idea through future image or video prediction [56, 45], whereas latent world models
replace expensive pixel-space rollouts with compact, task-relevant predictive representations. In
contrast to approaches that derive action-oriented predictive representations primarily from future
visual observations [53, 39, 28], ForceLDM distills privileged future force/torque and optical-flow
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dynamics into the policy to capture contact physics that may be visually subtle or occluded, without
requiring future inputs or explicit rollouts at inference time.

3 Method

We introduce ForceLDM, a latent dynamics learning framework that distills future force and motion
dynamics into vision-language-action models, enabling them to better model physical interactions. In
this section, we begin with the problem formulation, followed by an overview of the framework, and
then describe the training and inference strategies.

3.1 Problem Formulation

We formulate contact-rich manipulation as a policy learning problem. At each time step t, the
policy πθ takes the multimodal observation Ot = (It, st, Ft, l) as input, and outputs an action chunk
At = (at, . . . ,at+H−1) consisting of H actions to be executed sequentially:

At = πθ(It, st, Ft, l), (1)

where It denotes multi-view images, st denotes the robot state (end-effector pose or joint positions),
Ft denotes 6D wrench measurements, and l denotes the language instruction. To train the policy,
we collect a dataset consisting of N expert demonstrations, denoted as D = {τi}Ni=1, where each
trajectory is defined as τi = {(Oi

t,a
i
t)}

Ti
t=1. The policy πθ is optimized via behavior cloning [1, 36]

by minimizing the discrepancy between predicted actions and expert demonstrated actions:

LBC(θ) = E(Ot,At)∼D
[
ℓact

(
At, πθ(Ot)

)]
, (2)

where ℓact denotes the action prediction loss, commonly defined as the mean absolute error (MAE)
or mean squared error (MSE).

3.2 Overall Architecture

We aim to improve contact-rich manipulation by learning future interaction dynamics. Instead of
predicting all details of future observations, we adopt a teacher-student distillation framework to focus
on information relevant to robot control. As illustrated in Figure 2, ForceLDM consists of a shared
VLM backbone, a future-dynamics encoder, and two action experts. The VLM backbone encodes
current images and language instructions to provide scene context. Robot states and force history are
embedded as tokens and fed into the action experts. During training, the teacher takes future force
and optical flow as inputs and learns compact representations of physical interactions through action
prediction. These representations are then distilled into the student through representation alignment,
allowing it to infer future interactions from current observations. To improve generalization, we
further introduce progressive noise injection, which gradually adds noise to the student’s future
queries to prevent overfitting. At inference time, only the student policy is retained for deployment.

3.3 Future Dynamics Encoding

Prior approaches [13, 42, 48] often predict future visual observations, but RGB images are sensitive to
changes in lighting and appearance and cannot fully capture physical interactions such as contact and
resistance. We therefore use future force/torque measurements and optical flow as complementary
sources of information. Force/torque measurements provide direct feedback on physical contact,
while optical flow captures the motion of the robot and objects. Their combination provides more
informative cues for robot control than RGB frames alone.

Future Force Encoding. We use an MLP to encode the 6D force/torque measurements over the next
H steps into a compact force token:

ft = Ef (Ft:t+H) . (3)

This token captures changes in contact forces over time and provides information about the robot’s
physical interactions with its environment.

Future Motion Encoding. Optical flow provides a dense representation of scene motion by describing
the pixel-wise displacement between two frames. Given the current image It and a future image
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Figure 2: Overview of ForceLDM. (a) Both teacher and student generate actions from current
multimodal observations and language instructions. The teacher additionally receives future force
and motion tokens, and its future-aware representations are distilled into the student’s future queries.
(b) The future dynamics encoder converts future force/torque and optical flow into compact force and
motion tokens. (c) Progressive noise injection perturbs the student’s future queries with scheduled
noise to improve generalization.

It+H , we use a pretrained optical-flow estimation model [40] to obtain a dense motion field. For each
pixel p, the corresponding flow vector u(p) = (ux(p), uy(p)) represents its horizontal and vertical
displacement in image space, thereby capturing the image-space motion of the robot and manipulated
objects. To align the optical flow with the image representation used in our framework, we colorize
the two-channel flow field into a three-channel motion image Mt→t+H . Following FlowVLA [55],
we map flow direction to hue and use the normalized, clipped magnitude to control the strength of the
resulting direction color against a white background. We then compress Mt→t+H using a pretrained
image VAE [34] and employ Nm learnable motion queries Qm to aggregate the encoded features
into compact motion tokens:

Zm = Em (Mt→t+H) ,

mt = CrossAttn (Qm,Zm) .
(4)

where Em denotes the pretrained VAE model.

3.4 Online Future-Dynamics Distillation

Directly predicting future observations may force the model to learn details irrelevant to control. It
may also lead to overfitting to sensor noise in force/torque measurements and estimation errors in
optical flow. To avoid these issues, we learn future dynamics through latent representation alignment,
without explicitly reconstructing future observations in detail.

The student uses Nm + 1 learnable queries Q ∈ R(Nm+1)×D, comprising one force query and
Nm motion queries, to predict the teacher’s future-aware intermediate representations. We perform
multi-layer distillation over a set of selected layers K. At each layer l ∈ K, let h(l)

f and y
(l)
f

denote the student and teacher force representations, while h
(l,i)
m and y

(l,i)
m denote their i-th motion

representations. The distillation loss aligns both modalities using cosine similarity:

Ldistill =
1

|K|
∑
l∈K

[
1− cos

(
gf (h

(l)
f ), sg(y

(l)
f )

)
+

1

Nm

Nm∑
i=1

[
1− cos

(
gm(h(l,i)

m ), sg(y(l,i)
m )

)]]
.

(5)
Here, gf and gm denote the projection heads for force and motion representations, respectively, while
sg(·) denotes the stop-gradient operation that prevents gradients from propagating to the teacher.
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3.5 Training and Inference

Progressive Noise Injection. Future interaction dynamics are inherently uncertain, and limited
training data can cause the student to overfit. To improve generalization, we introduce progressive
noise injection by adding Gaussian noise to the student queries. Let Q and Q̃ be the original and
perturbed student queries, respectively, p ∈ [0, 1] be the normalized training progress, and σ(p) be
the corresponding noise scale. We perturb the queries with RMS-scaled Gaussian noise:

Q̃ = Q+ σ(p) · RMS(Q) · ϵ, ϵ ∼ N (0, I), (6)

where RMS(Q) denotes the root mean square of the query values. The noise scale σ(p) remains zero
until pstart, then increases linearly to σmax at pend, and remains at σmax thereafter. This schedule
first allows the student to learn meaningful representations through alignment and then improves its
robustness to query perturbations.

Action Generation via Flow Matching. We train both the teacher and student policies using flow
matching. Given a ground-truth action chunk a, we sample ϵ ∼ N (0, I) and τ ∼ U(0, 1), construct
aτ = (1 − τ)ϵ + τa, and define the target velocity as v∗ = a − ϵ. Let cS and cT represent the
student and teacher conditioning information, respectively. Their flow matching losses are:

LS = E
[
∥vS(aτ , τ, cS)− v∗∥22

]
, LT = E

[
∥vT (aτ , τ, cT )− v∗∥22

]
. (7)

Both policies use the same noise sample and interpolation time for consistent velocity prediction.
The final training objective is:

Ltotal = LS + LT + λLdistill, (8)

where λ = 0.5 controls the weight of the distillation loss.

Inference. During inference, only the student policy is retained, while the teacher and future-
dynamics encoder are removed. The student generates actions using current observations without
requiring future force or motion information.

4 Experiments

In this section, we evaluate our method on contact-rich manipulation tasks through extensive experi-
ments. We first report results on five real-world tasks and assess out-of-distribution generalization. We
then conduct ablation studies on future prediction targets, model architecture, and training strategies,
followed by visualizations of the learned latent dynamics.

4.1 Experimental Setup

Hardware Platform and Data Collection Our main experiments use a 7-DoF xArm 7 manipulator
equipped with wrist-mounted and fixed third-person cameras and a 6D force/torque sensor. We collect
successful demonstrations through 3D SpaceMouse teleoperation at 30 Hz, recording synchronized
visual observations, robot states, force/torque measurements, and actions for policy training. Detailed
hardware configurations and data collection procedures are provided in Appendix A.

Tasks and Evaluation Metrics. We evaluate ForceLDM on five real-world contact-rich manip-
ulation tasks: USB Insertion, Gear Assembly, Box Flipping, Board Wiping, and VGA Plugging,
as shown in Figure 3. For each task, we collect 80–100 successful demonstration trajectories and
evaluate each method over 20–30 real-world rollouts. We report task success rate over repeated
real-world trials as the primary evaluation metric. Detailed task descriptions, success criteria, and
evaluation protocols are provided in Appendix A.

Compared Baselines. We compare our method against several strong baselines. π0 [5] w/o
Force is a flow-matching-based Vision-Language-Action model pretrained on large-scale robot data.
π0 w/ Force is a force-augmented variant of π0 that converts force measurements into tokens and
concatenates them with the input sequence. TA-VLA [52] is a force-aware VLA model that introduces
an auxiliary future-force prediction objective. ForceVLA [46] is a force-aware VLA model that
adopts a Mixture-of-Experts architecture [16] to model visual and force modalities with specialized
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(a) USB Insertion (b) Gear Assembly (c) Box Flipping (d) Board Wiping (e) VGA Plugging

Figure 3: Five real-world contact-rich manipulation tasks used in our experiments.

(c) Unseen Color (b) Unseen objects (d) Unseen Height (e) Unseen Size and Material(a) Visual Occlusion

Figure 4: Out-of-distribution generalization settings used in our real-world evaluation.

experts. Seer [42] w/ Force augments Seer with force input and uses future RGB reconstruction as
auxiliary supervision. For a fair comparison, all methods are fully fine-tuned on the same collected
dataset using the same training configuration. Detailed baseline implementations and training settings
are provided in Appendix D.

Implementation Details We build ForceLDM on π0 [5], using two camera views and a 10-step
history of 6D force/torque measurements as inputs. Future optical flow is estimated with pretrained
RAFT [40] and encoded using SDXL-VAE [34]. We use 16 learnable motion queries and one
learnable force query, and align teacher–student representations at layers {8, 12, 16} with a distillation
loss weight of λ = 0.5. We fully fine-tune a multi-task policy for 30K steps on a single A100-80G
GPU with a batch size of 16, using AdamW and a cosine learning-rate schedule that decays from
2.5× 10−5 to 2.5× 10−6 after 1,000 warmup steps. At inference, we use 10 flow-matching steps
to generate each 32-step action chunk and execute all 32 actions before predicting the next chunk.
Detailed model architecture and training hyperparameters are provided in Appendices B and C.

4.2 Main Results

Table 1 summarizes the performance on in-distribution contact-rich manipulation tasks. ForceLDM
achieves the highest average success rate of 87.1%, outperforming Seer [42], the strongest baseline, by
14.9 percentage points. ForceLDM performs particularly well on insertion tasks requiring millimeter-
level alignment, achieving 92.0% on USB Insertion and 85.0% on VGA Plugging. We attribute this
to learning future contact dynamics, which helps the model understand physical interactions and
adjust the insertion pose through contact-based exploration. In contrast, baselines that model visual
dynamics or directly predict future force may overfit to irrelevant details or sensor noise, rather than
learning control-relevant information. Despite these gains, ForceLDM underperforms TA-VLA on
Gear Assembly due to limited spatial perception, which sometimes causes grasping failures near the
workspace boundary. Further analysis is provided in Appendix G.

4.3 Out-of-Distribution Generalization

OOD Evaluation Settings. We evaluate OOD generalization on three representative contact-rich
tasks, as shown in Figure 4. For USB Insertion, we consider Visual Occlusion, where the external
camera view is partially blocked by an object, and Unseen Object, where the USB connector is
replaced with a novel instance. For Gear Assembly, we consider Unseen Color, which changes the
object appearance, and Unseen Height, which changes the target assembly height. For Box Flipping,
we consider Unseen Material, where the original wooden box is replaced with a 3D-printed box,
leading to different friction properties, and Unseen Size, which evaluates the policy’s ability to flip
boxes of different sizes. All OOD settings preserve the original task objectives and success criteria to
evaluate robustness to visual and physical changes. Each OOD setting is evaluated over 15 trials.
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Table 1: Comparison of success rates (%) on in-distribution (ID) contact-rich manipulation tasks.

Model
USB

Insertion
Gear

Assembly
Box

Flipping
Board
Wiping

VGA
Plugging Avg.

π0 [5] w/o force 44.0 46.7 55.0 60.0 0.0 41.1
π0 [5] w/ force 64.0 83.3 70.0 70.0 5.0 58.5
TA-VLA [52] 80.0 93.3 80.0 75.0 10.0 67.7
ForceVLA [46] 52.0 66.7 65.0 65.0 5.0 50.7
Seer [42] w/ Force 76.0 70.0 95.0 70.0 50.0 72.2
Ours 92.0 83.3 95.0 80.0 85.0 87.1

Table 2: Comparison of success rates (%) on out-of-distribution (OOD) tasks under visual occlusion
and changes in object instance, color, assembly height, material, and size.

Model USB Insertion Gear Assembly Box Flipping Avg.
Object Occlusion Height Color Material Size

π0 [5] w/o force 20.0 26.7 0.0 40.0 26.7 0.0 18.9
π0 [5] w/ force 40.0 73.3 0.0 46.7 26.7 33.3 36.7
TA-VLA [52] 20.0 66.7 13.3 66.7 13.3 26.7 34.5
ForceVLA [46] 26.7 20.0 0.0 40.0 0.0 13.3 16.7
Seer [42] w/ Force 46.7 20.0 53.3 60.0 73.3 40.0 48.9
Ours 86.7 86.7 46.7 60.0 80.0 53.3 68.9

Results. Table 2 reports the OOD evaluation results. ForceLDM achieves the highest average
success rate of 68.9%, outperforming Seer w/ Force, the strongest baseline, by 20.0 percentage points.
Notably, ForceLDM achieves a success rate of 86.7% on USB Insertion under both unseen objects
and visual occlusion, demonstrating strong robustness to changes in object appearance and visual
occlusion. It also achieves the best performance on Box Flipping under material and size changes,
showing its ability to handle changes in object properties and contact conditions. These results
suggest that learning future dynamics from optical flow and force signals helps the model focus on
physically relevant interactions rather than appearance-specific details, improving generalization
across different OOD conditions.

4.4 Ablation Studies

Ablation on Future Prediction Targets. We study which future modalities are most useful for
dynamics distillation, as different signals capture different aspects of physical interaction. We
compare four choices: optical flow alone, force alone, force with RGB observations, and force with
optical flow. As shown in Table 3, different modalities provide complementary benefits. Future force
is particularly useful for tasks requiring sustained contact control, achieving 90.0% success on Box
Flipping, but performs poorly on VGA Plugging (30.0%), where precise motion and alignment are
critical. In contrast, optical flow provides direct motion cues that benefit high-precision manipulation
tasks, achieving 92.0% on USB Insertion, but performs less effectively on tasks requiring sustained
force control, such as Box Flipping. Adding future RGB observations to force does not improve
performance, possibly because the model focuses on irrelevant visual details rather than control-
relevant interaction dynamics. Combining force and optical flow achieves the highest average success
rate of 90.7%, substantially outperforming force alone at 68.0% and optical flow alone at 70.7%.
These results support our choice of future force and optical flow as complementary supervision
signals for dynamics distillation.

Ablation on Model Architecture. We study the importance of key components in our teacher–student
architecture for learning action-relevant future dynamics. We consider three variants by removing the
distillation loss Ldistill, teacher action loss LT , and stop-gradient operation, respectively. As shown
in Table 4, removing Ldistill reduces the average success rate from 85.1% to 42.8%, indicating that
action supervision alone is insufficient to transfer future dynamics from the teacher to the student.
Removing LT also leads to a substantial performance drop, suggesting that the teacher must be
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Table 3: Ablation of future modalities used for dynamics distillation. Visual, Force, and Motion
denote future RGB observations, force/torque signals, and optical flow, respectively. We report
success rates (%) on USB Insertion, Box Flipping, and VGA Plugging.

Future Target Success Rate (%)

Visual Force Motion USB Insertion Box Flipping VGA Plugging Avg.

– – ✓ 92.0 60.0 60.0 70.7
– ✓ – 84.0 90.0 30.0 68.0
✓ ✓ – 80.0 85.0 35.0 66.7
– ✓ ✓ 92.0 95.0 85.0 90.7

Table 4: Ablation of teacher–student distillation components. Ldistill and LT denote the representa-
tion alignment loss and teacher action loss, respectively. Stop Gradient denotes gradient stopping on
teacher targets. We report success rates (%) under both in-distribution (ID) and out-of-distribution
(OOD) conditions.

Configuration USB Insertion Box Flipping VGA
Plugging Avg.

ID OOD ID OOD

w/o Ldistill 44.0 30.0 85.0 30.0 25.0 42.8
w/o LT 60.0 36.7 80.0 16.7 10.0 40.7
w/o Stop Gradient 68.0 50.0 60.0 16.7 20.0 42.9
Full Model 92.0 86.7 95.0 66.7 85.0 85.1

grounded in action prediction to learn useful representations for distillation. Similarly, removing
stop-gradient leads to representation collapse, resulting in a substantial performance drop. These
results validate the effectiveness of our teacher–student architecture and its key design choices.

Ablation on Training Strategies. Table 5 studies the importance of latent dynamics distillation
and progressive noise injection in ForceLDM. First, we compare latent dynamics distillation with
an alternative strategy that directly predicts future signals through joint prediction. This variant
achieves an average success rate of only 62.1%, substantially below the full model. This suggests that
direct prediction may encourage the model to focus on irrelevant details and sensor noise rather than
learning control-relevant dynamics. Second, removing progressive noise reduces the average success
rate from 85.1% to 74.1%. The performance drop is larger in OOD settings than in ID settings,
suggesting that progressive noise injection helps improve the model’s generalization ability.

4.5 Visualization

Visualization of Latent Dynamics. To examine whether the learnable future queries capture future
motion and contact dynamics, we train lightweight probes to predict future optical flow and contact
forces from the future query representations at layer 12 of the frozen policy. Figure 5 shows
five stages of a USB insertion task: approach, stuck, realignment, insertion, and return. When
the gripper becomes stuck, the predicted optical flow indicates an upward motion for recovery.
During realignment, the predicted flow shows the direction of the next adjustment, followed by
downward motion during insertion. The predicted force follows the overall trend of the measured
force, capturing the main changes during two contact events. Although the predicted values differ
from the measurements, the predicted force is smoother and does not reproduce high-frequency noise
in the measured signal. These results suggest that the learned representations capture future motion
and contact dynamics while avoiding overfitting to irrelevant details.

Additional Visualizations and Failure Case Analysis. Additional visualizations of successful task
executions under ID and OOD conditions are provided in Appendix F. Representative failure cases
and an analysis of common failure modes are presented in Appendix G.
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Table 5: Ablation of the training strategies used in ForceLDM. Joint Prediction combines action
learning with direct future-dynamics prediction, while w/o Progressive Noise removes progressive
noise injection into the student’s future queries.

Training Strategy USB Insertion Box Flipping VGA
Plugging Avg.

ID OOD ID OOD

Joint Prediction 84.0 76.7 65.0 20.0 65.0 62.1
w/o Progressive Noise 84.0 73.3 90.0 40.0 85.0 74.1
Full Model 92.0 86.7 95.0 66.7 85.0 85.1
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Figure 5: Probing Latent Dynamics. We freeze the trained model and fit lightweight probes to
predict optical flow and contact forces from its intermediate hidden states. Top: Predicted future
2D motion vectors derived from optical flow (bright orange-red arrows) at five stages of the USB
insertion task. Bottom: Measured contact force (blue solid) and predicted force (red dashed).

5 Conclusion

We propose ForceLDM, a force-aware latent dynamics model for contact-rich manipulation. At
its core, ForceLDM distills future force/torque and optical-flow cues from a privileged teacher
into a student policy, enabling it to capture action-relevant interaction dynamics using only current
observations at inference. Experiments on five real-world contact-rich manipulation tasks demonstrate
that ForceLDM outperforms force-aware VLA baselines in both task performance and generalization
to unseen visual and physical variations. Ablation studies validate the complementary roles of future
force and optical flow, together with the benefits of progressive noise injection. These results highlight
the value of learning future physical dynamics for force-aware robotic manipulation.

Limitations. Despite the promising results of ForceLDM, several limitations remain. First, our
experiments use small-scale datasets, and whether ForceLDM maintains its advantage as training
data scales up remains unclear. Second, optical-flow estimation errors caused by occlusion or motion
blur may affect the learned dynamics representations. Third, 2D optical flow lacks explicit depth
information, which may limit the model’s ability to capture spatial relationships during manipulation.
Future work will explore scaling up training data to improve performance and combining 3D scene
flow with force feedback to better model future interaction dynamics.
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A Detailed Experimental Setup
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Figure 6: Real-world experimental setups for (a) the main xArm 7 experiments and (b) the supple-
mentary Piper-X evaluation.

A.1 Robot Platform

We conduct most experiments on xArm 7 and further evaluate our method on Piper-X with a different
system configuration, as shown in Figure 6. The main setup uses a 7-DoF xArm 7 equipped with a
wrist-mounted 6D force/torque sensor, a third-person RealSense L515 camera, and an Orbbec Gemini
336L wrist camera, using π0 as the policy backbone. The supplementary setup uses a 6-DoF AgileX
Piper-X with joint-torque estimates derived from motor currents, a RealSense D435 camera, and
an Orbbec Gemini 335 camera, with GR00T N1.5 as the policy backbone. Table 6 compares their
configurations.

Table 6: Comparison of experimental setups across robot platforms.

Component xArm 7 Piper-X

DoF 7 6
Force input 6D F/T sensor Joint torque

Cameras RealSense L515 + Gemini 336L RealSense D435 + Gemini 335
Policy backbone π0 GR00T N1.5

A.2 Data Collection

We collect demonstrations through 3D SpaceMouse teleoperation, recording synchronized camera
observations, robot states, force/torque measurements, and actions. To improve data diversity,
we vary the initial robot pose and include demonstrations that recover from failed attempts. For
example, in USB insertion, the operator deliberately misaligns the plug with the port and then
demonstrates corrective motions to complete the insertion, instead of always starting from an aligned
pose. Approximately 20–30% of the demonstrations include such recovery behaviors. For each
robot platform, we combine demonstrations from all tasks into a single multi-task dataset for policy
training. Dataset statistics for both robot platforms are summarized in Table 7.

A.3 Evaluation Protocol

For each task, the robot starts from a fixed initial pose, while the object is placed at one of a predefined
set of evaluation locations. Each method is evaluated on the same set of object locations with the
same number of trials. For the main in-distribution evaluation on xArm 7, each method is evaluated
over 25 trials on USB Insertion, 30 trials on Gear Assembly, and 20 trials each on Box Flipping,
Board Wiping, and VGA Plugging. A trial is considered successful only if the task is completed
within 2 minutes and the contact force remains below the safety threshold of 25 N. Otherwise, the
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Table 7: Dataset statistics for the xArm 7 and Piper-X robot platforms.

Robot Platform Task Demos Frames Duration (h)

xArm 7

USB Insertion 100 55,667 0.52
Gear Assembly 80 64,091 0.59
Box Flipping 80 71,795 0.66
Board Wiping 80 70,810 0.66
VGA Plugging 80 69,874 0.65

Total 420 332,237 3.08

Piper-X
USB Insertion 100 48,438 0.45
Charger Insertion 100 41,651 0.39

Total 200 90,089 0.83

trial is counted as a failure. The success rate is calculated as the number of successful trials divided
by the total number of evaluation trials.

A.4 Task Descriptions

We describe each task and its key challenges below, with representative successful rollouts provided
in Appendix F.

• USB Insertion. The robot must align a USB plug with the target port on a power strip and
insert it while adjusting its position and orientation. This task requires precise alignment
due to the tight clearance between the plug and the port. The task is successful when the
plug is fully inserted into the port.

• Gear Assembly. The robot must pick up a gear, align its center hole with the target shaft, and
move it downward to complete the assembly. Since the hole is occluded during alignment,
the robot must rely on force feedback to adjust its position. The task is successful when the
gear is fully mounted on the shaft.

• Box Flipping. The robot must flip a box from a flat position to an upright position using a
fixed support. During flipping, the robot must continuously adjust its motion based on force
feedback to prevent the box from slipping or excessive force from being applied. The task is
successful when the box stands upright on its narrow face.

• Board Wiping. The robot must pick up an eraser and use it to wipe the marked region of a
board. During wiping, the robot must maintain sufficient contact force to effectively remove
the markings. The task is successful when all markings in the target region are removed.

• VGA Plugging. The robot must pick up a VGA connector, align it with the target socket,
and insert it horizontally. The irregular shape of the connector requires precise alignment
and force-guided position adjustments during insertion. The task is successful when the
connector is fully inserted into the socket.

B Model Architecture Details

Backbone. We use the pretrained PaliGemma backbone from π0 [5], comprising a SigLIP image
encoder and a Gemma-2B language model with approximately 2.92B parameters in total. It takes two
RGB images from the external and wrist cameras, each resized with padding to 224× 224, together
with the task instruction. The image and instruction tokens form a shared visual–language prefix for
both action experts.

Teacher and Student Experts. Both experts use the same approximately 300M-parameter architec-
ture with 18 Transformer layers and hidden width 1024. Their Transformer weights are initialized
from the same pretrained π0 action expert and then optimized separately within joint training. Both
receive the shared prefix, robot state, and force history, and predict 32-step action chunks through
flow matching. The teacher additionally receives encoded future force and motion tokens, while the
student uses learnable future queries.
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Force Encoding. We flatten ten historical 6D force/torque measurements and use a one-layer MLP
to produce one force token for each expert. A separate one-layer MLP encodes the teacher’s 32-step
future force sequence into one token of the same width.

Future Motion Encoding. RAFT [40] estimates optical flow between the current and future
images for both views. We convert each flow field to RGB by mapping direction to hue and using
normalized, clipped magnitude to control color strength against a white background. A frozen
SDXL-VAE [34] encodes these motion images. After 2× 2 latent patch merging, a two-layer MLP
and layer normalization project the spatial features to width 1024. A Q-Former-style compressor
with 16 learnable queries aggregates the features from both views through cross-attention, producing
16 motion tokens.

Student Future Queries. The student uses 17 learnable queries of width 1024: one for future force
and 16 for future motion, matching the teacher’s privileged tokens. Each expert concatenates its
force-history token, state token, future-related tokens, and noisy action tokens. Future queries attend
to causal observations but not to noisy action tokens.

Representation Alignment. We align future-related hidden states at layers {8, 12, 16} using separate
two-layer force and motion projectors with Swish activations. The projected student states are
matched to stop-gradient teacher targets using cosine distance.

C Training Hyperparameters

ForceLDM contains approximately 3.56B trainable parameters, including a 2.92B vision–language
backbone and two 311M action experts. We jointly fine-tune the backbone, both action experts, and
the additional modules, while keeping the RAFT and SDXL-VAE preprocessing models frozen. The
training hyperparameters are summarized in Table 8.

Table 8: Training hyperparameters for ForceLDM.

Parameter Value

Optimization
Training hardware 1 NVIDIA A100, 80 GB
Training steps 30,000
Batch size 16
Optimizer AdamW
Peak learning rate 2.5× 10−5

Final learning rate 2.5× 10−6

Learning-rate schedule Cosine decay
Learning-rate warmup 1,000 steps
Adam (β1, β2) (0.9, 0.95)
Gradient clipping (global norm) 1.0

Distillation
Alignment layers {8, 12, 16}
Distillation weight λ 0.5
Motion / force queries 16 / 1

Query Perturbation
Maximum query noise scale σmax 0.3
Noise ramp start pstart 0.3
Noise ramp end pend 0.7

D Baseline Implementation Details

We implement all baselines except ForceVLA within our π0-based framework, following their
official open-source implementations. All methods are trained on the same task datasets for 30,000
optimization steps with a batch size of 16, using the optimizer settings in Table 8. For ForceVLA, we
use its official codebase to preserve the original fusion architecture.
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π0 w/o Force. The base π0 [5] combines a PaliGemma vision–language backbone with a Trans-
former action expert. The backbone encodes the two camera views and language instruction, while
the action expert processes robot-state and noisy-action tokens conditioned on the vision–language
context. It predicts 32-step action chunks through flow matching without force input.

π0 w/ Force. We retain the original backbone, action expert, and flow-matching objective, while
introducing an MLP to encode the force history into a single token. This force token is concatenated
with the state and noisy-action tokens as input to the action expert. The model thus incorporates force
feedback without explicitly modeling future interaction dynamics.

TA-VLA. Following TA-VLA [52], we encode the historical force sequence using a two-layer
MLP and feed the resulting force token into the action expert alongside the state and noisy-action
tokens. Unlike π0 w/ Force, this baseline extends the flow-matching objective to jointly predict future
action chunks and force sequences. The additional force-prediction loss encourages the model to
learn force-related information during action generation. We set the auxiliary force-prediction loss
weight to 0.1.

ForceVLA. ForceVLA [46] extends π0 with FVLMoE, a force-aware Mixture-of-Experts fu-
sion module that dynamically integrates pretrained vision–language features with real-time 6-axis
force feedback during action decoding. The module uses modality-specific experts to adaptively
fuse multimodal information, enabling force-aware action prediction. We train ForceVLA on our
demonstrations using its official implementation.

Seer w/ Force. Seer [42] introduces visual foresight to guide action prediction through future visual
representations. We adapt this design to π0 by introducing ten learnable foresight tokens per camera
view to extract future visual features from the vision–language backbone. These features are directly
provided to the action expert for flow-matching-based action prediction, while a separate masked
image decoder reconstructs future RGB images under an MSE loss. We additionally incorporate
historical force observations and jointly optimize action prediction and future RGB reconstruction.
The force history is encoded by a two-layer MLP into a single token, which is concatenated with
the state and noisy-action tokens as input to the action expert. We set the RGB reconstruction loss
weight to 0.1.

E Additional Experiments

E.1 Evaluation on Another Robot Platform

To examine whether our method can be applied to different robot platforms and VLA architectures,
we conduct additional real-world experiments on an alternative robotic platform. Compared with our
main experiments using xArm 7 and π0, these experiments employ a different robot, force-sensing
method, camera configuration, and VLA backbone.

Experimental Setup. We use an AgileX Piper-X manipulator and adopt GR00T N1.5 [30] as the
VLA policy backbone. The force-sensing and camera configurations are described in Appendix A
and compared with the main xArm 7 setup in Table 6. To implement ForceLDM on this backbone,
we duplicate the policy’s action-decoding head to construct the teacher and student experts, which
are trained using the same future-dynamics distillation framework as in the main experiments. We
consider two tasks: inserting a USB plug and inserting a charger plug into their corresponding
sockets on a power strip. We use the separate Piper-X dataset described in Appendix A.2, with 100
demonstrations per task (200 in total), for platform-specific policy adaptation. We evaluate each
method over 20 trials per task. All compared methods use the same task initialization and evaluation
protocol.

Results. Table 9 presents the success rates on two real-world manipulation tasks using Piper-X.
ForceLDM achieves 80% on USB insertion and 60% on charger insertion, averaging 70% and
outperforming GR00T N1.5 and TA-VLA by 50 and 7.5 percentage points, respectively. In contrast,
directly adding torque observations reduces GR00T N1.5’s average success rate to 17.5%, potentially
due to noisy torque signals and the dominance of visual features. By modeling action-relevant future
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interaction dynamics, ForceLDM better leverages force feedback for precise manipulation. These
results demonstrate the effectiveness of our method on a different robot platform and VLA backbone.

Table 9: Real-world manipulation success rates (%) on the Piper-X platform. Each method is
evaluated over 20 trials per task, with the average success rate reported across both tasks.

Method USB Insertion Charger Insertion Avg.

GR00T N1.5 15.0 25.0 20.0
GR00T N1.5 + Torque Input 25.0 10.0 17.5
TA-VLA 70.0 55.0 62.5
ForceLDM (Ours) 80.0 60.0 70.0

E.2 Sensitivity to the Prediction Horizon

The prediction horizon determines how far into the future ForceLDM learns to model interaction
dynamics. To investigate its effect, we evaluate three horizons H ∈ {16, 32, 50} on Box Flipping and
Gear Assembly under identical settings. Specifically, H controls both the action-chunk length and the
future-prediction horizon, where the model predicts H future force steps and optical flow between
It and It+H . As shown in Table 10, H = 16 and H = 32 achieve comparable performance, while
increasing the horizon to H = 50 substantially reduces success rates. This suggests that excessively
long horizons may introduce greater uncertainty in future interaction dynamics and make precise
contact control more challenging. We therefore adopt H = 32, which achieves the highest average
success rate.

Table 10: Effect of the prediction horizon on task success rates (%).

Horizon H Box Flipping Gear Assembly Average

16 100.0 86.7 93.4
32 100.0 90.0 95.0
50 90.0 70.0 80.0

E.3 Sensitivity to Optical-Flow Quality

ForceLDM learns future interaction dynamics from estimated optical flow, whose quality may vary
across different estimators. To examine whether our method relies on a specific flow estimator, we
compare RAFT (default) and DPFlow [29] on USB and charger insertion using the Piper-X and
GR00T N1.5 setup described in Appendix E.1, while keeping all other settings fixed. We include
GR00T N1.5 and TA-VLA as baselines, using the results reported in Table 9. As shown in Table 11,
replacing RAFT with DPFlow changes the success rate from 80% to 75% on USB insertion and
from 60% to 70% on charger insertion. The comparable performance suggests that our method is not
strongly dependent on the choice of flow estimator, as both provide useful motion cues for learning
future interaction dynamics.

Table 11: Comparison of optical-flow estimators on real-world manipulation success rates (%) using
Piper-X.

Configuration USB Insertion Charger Insertion Avg.

GR00T N1.5 15.0 25.0 20.0
TA-VLA 70.0 55.0 62.5

ForceLDM (RAFT) 80.0 60.0 70.0
ForceLDM (DPFlow) 75.0 70.0 72.5
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F Visualization

We provide representative successful executions of ForceLDM under both in-distribution (ID) and
out-of-distribution (OOD) conditions.

Figure 7 illustrates successful executions of five real-world manipulation tasks. These tasks involve
different forms of contact-rich interactions, including precise insertion, gear assembly, object flipping,
and surface wiping. ForceLDM successfully completes these tasks by handling contact interactions
that require precise alignment and force control. In particular, the insertion and assembly tasks
require accurate positioning under tight clearances, while flipping and wiping require appropriate
contact forces throughout the manipulation process. These examples highlight the effectiveness of
our method in contact-rich manipulation.

Figure 8 further presents successful executions under unseen conditions, including changes in object
appearance, material, size, and assembly height. Despite these variations, ForceLDM successfully
completes the tasks, demonstrating its ability to handle different object properties and spatial configu-
rations. These results further suggest that learning action-relevant future interaction dynamics helps
the policy maintain effective manipulation performance beyond the training conditions.

G Failure Case Analysis

Figure 9 presents representative failure cases from our real-world experiments. We identify three
common failure modes.

• Repeated Attempts. In USB Insertion and VGA Plugging (Figure 9(a,d)), the robot may
repeatedly attempt insertion without successfully completing the task. In some cases, the
robot releases the connector before it is fully inserted, resulting in task failure.

• Unstable or Insufficient Contact. In Box Flipping (Figure 9(c)), insufficient contact force
may cause the box to slip during flipping. Similarly, in Board Wiping (Figure 9(e)), the
robot may fail to maintain sufficient force to remove all markings from the board.

• Grasping Failures. In Gear Assembly (Figure 9(b)), the robot occasionally closes its
gripper before reaching the gear, resulting in a failed grasp. This may arise from inaccurate
estimation of the distance between the gripper and the gear due to limited depth information.

Similar failure modes are also observed in the baseline methods, indicating that precise contact
control and reliable grasping remain challenging in real-world manipulation.
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Figure 7: Successful executions of five real-world manipulation tasks: USB Insertion, Gear Assembly,
Box Flipping, Board Wiping, and VGA Plugging. Each row shows seven frames from the initial state
to task completion.
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Figure 8: Successful executions under OOD conditions: (a) an unseen USB connector, (b) an unseen
gear color, (c) an increased assembly height, (d) an unseen box material, and (e) an unseen box size.
Each row shows seven frames from the initial state to task completion.
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Figure 9: Representative failure cases: (a) the USB plug failing to fully insert into the target port,
(b) a missed gear grasp, (c) a box falling back during flipping under OOD conditions, (d) the VGA
connector released before being fully inserted, and (e) small residual marks after wiping. Each row
shows seven frames from the initial state to the terminal failure state.
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Answer: [Yes]
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contributions made in the paper and important assumptions and limitations. A [No] or
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• The claims made should match theoretical and experimental results, and reflect how
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puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The training hardware and main optimization settings are described in Sec-
tion 4.1. Detailed training hyperparameters and baseline training settings are provided in
Appendices C and D, respectively.
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• The answer [N/A] 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).

9. 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 manuscript describes a robotics method evaluated with teleoperated robot
demonstrations and does not involve prohibited data collection, deception, or undisclosed
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• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
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• 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).
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societal impacts of the work performed?

Answer: [No]
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Justification: This work focuses on improving contact-rich robotic manipulation, and we
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11. 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., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The released code and dataset do not pose a high risk of misuse requiring
special safeguards.
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• The answer [N/A] 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
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• Datasets that have been scraped from the Internet could pose safety risks. The authors
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• 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.

12. 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?
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Justification: We cite the existing models and methods used in our work, but their licenses
and terms of use are not explicitly documented in the manuscript.
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• The answer [N/A] means that the paper does not use existing assets.
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• 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
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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.

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

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The released code and dataset are documented and made publicly available
through the project page at https://tpy001.github.io/ForceLDM/.
Guidelines:

• The answer [N/A] 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.

14. 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: [N/A]
Justification: The paper does not include crowdsourcing or human-subject experiments.
Guidelines:

• The answer [N/A] 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.

15. 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: [N/A]
Justification: The work does not involve human-subject research.
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Guidelines:
• The answer [N/A] 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.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: LLMs are not used as part of the core methodology. The proposed method,
experiments, and conclusions do not depend on LLM-generated components.
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involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.

30


	Introduction
	Related Work
	Method
	Problem Formulation
	Overall Architecture
	Future Dynamics Encoding
	Online Future-Dynamics Distillation
	Training and Inference

	Experiments
	Experimental Setup
	Main Results
	Out-of-Distribution Generalization
	Ablation Studies
	Visualization

	Conclusion
	Detailed Experimental Setup
	Robot Platform
	Data Collection
	Evaluation Protocol
	Task Descriptions

	Model Architecture Details
	Training Hyperparameters
	Baseline Implementation Details
	Additional Experiments
	Evaluation on Another Robot Platform
	Sensitivity to the Prediction Horizon
	Sensitivity to Optical-Flow Quality

	Visualization
	Failure Case Analysis

