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Optical Flow is highly 
embodiment agnostic

See common colors for 
common movements

Colors represent motion 
direction of each pixel

Color intensity represents 
motion magnitude

Key Insights
1. Learning grounded language-motion correspondences from noisy video-caption data.
2. Utilizing optical flow as generalizable motion representation. 
3. Learned motion knowledge transfers to language conditioned robotic and video generation tasks.  

Optical Flow as Motion Representation

Problem: Learn from Internet-Scale Video Data

FOFPred Joint VLM-Diffusion Architecture

Evaluations on Robot Control and Video Generation

❖ Clear improvements on CALVIN Robotic benchmark (left)
❖ Improvements on bi-manual RoboTwin benchmark (top-right)
❖ Video Generation improves over CogVideoX baseline (bottom-right)

Optical Flow & Video Generation Visualization

Natural Language controls predicted Future Optical Flow

- Robot Teleop Data is finite and expensive 
- Internet Data is almost infinite and free

Relative Optical Flow Calculation
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Figure A.3. OF Quality: We visualize our predicted future OF (4
timesteps) as sparse arrows (left: color for timestep) & raw predic-
tion (right: color for direction). We use pairs of the same image
with different prompts. Best viewed zoomed.

framework, FOFPred1. The samples are selected from the
SSv2 validation split to demonstrate generation capabilities
conditioned on the first frame (outlined in green) and a spe-
cific text goal. As observed across the samples, FOFPred
consistently exhibits superior motion adherence compared
to the baseline, which frequently struggles to generate sig-
nificant movement or directionally accurate dynamics (e.g.,
the “Moving glue stick” and “Moving cycle” examples).
While FOFPred successfully executes the semantic require-
ments of the text prompts, we also visualize a partial failure
case in the second row (“Pulling toy car”). In this instance,
while our model correctly adheres to the motion instruction,
our extended pipeline exhibits a trade-off in visual fidelity,
resulting in slight distortion of the object’s appearance com-
pared to the baseline. However, the baseline in this case
moves the car in the wrong direction.

For more visualizations of our proposed FOFPred frame-
work, checkout our website FOFPred.github.io.

1In our work, we explore Text-to-Video (T2V) generation using a
two-stage pipeline that connects FOFPred with the existing video syn-
thesis model Go-with-the-Flow (GWTF) [13]. GWTF is built on top of
CogVideoX [101] and extends it to additionally accept a user-provided
motion prompt as input.
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First Frame TEXT GOAL: “Moving glue stick away from the camera.”

First Frame TEXT GOAL: “Pulling toy car from left to right.”
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First Frame TEXT GOAL: “Pushing fidget spinner from right to left.”
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Figure A.4. Visualization of success and failure cases for Text-to-Video (T2V) generation: We visualize some success and failure cases
for our framework over the baseline, CogVideoX [101]. Examples are drawn from the SSv2 validation split. We note that our method
consistently improves motion adherence over the baseline. However, in some cases our framework distorts the visual appearance of objects
although they undergo correct movement (e.g., see “toy car” in Row 2). Checkout our FOFPred.github.io for more visualizations.

Method Training Data ith Task Success Rate → Avg. Len →
1 2 3 4 5

RT-1 100% ABC 53.3 22.2 9.4 3.8 1.3 0.90
Diffusion Policy 100% ABC 40.2 12.3 2.6 0.8 0.0 0.56
Robo-Flamingo 100% ABC 82.4 61.9 46.6 33.1 23.5 2.47
Uni-Pi 100% ABC 56.0 16.0 8.0 8.0 4.0 0.92
MDT 100% ABC 63.1 42.9 24.7 15.1 9.1 1.55
Susie 100% ABC 87.0 69.0 49.0 38.0 26.0 2.69
GR-1 100% ABC 85.4 71.2 59.6 49.7 40.1 3.06
Vidman 100% ABC 91.5 76.4 68.2 59.2 46.7 3.42
RoboUniview 100% ABC 94.2 84.2 73.4 62.2 50.7 3.65
LTM 100% ABC 97.1 82.4 72.8 67.2 60.6 3.81
DreamVLA 100% ABC 98.2 94.6 89.5 83.4 78.1 4.44

VPP 100% ABC 96.5 90.9 86.6 82.0 76.9 4.33
FOFPred 100% ABC 98.8(+2.3) 95.0 (+4.1) 90.4(+3.8) 84.6(+2.6) 78.7(+1.8) 4.48(+0.15)

GR-1 10% ABC 67.2 37.1 19.8 10.8 06.9 1.41
VPP 10% ABC 87.8 74.6 63.2 54.0 45.3 3.25
FOFPred 10% ABC 90.4(+2.6) 77.4(+2.8) 65.9(+2.7) 62.8(+8.8) 46.9(+1.6) 3.43(+0.18)

Table 1. CALVIN Evaluation: Zero-shot long-horizon evaluation on the Calvin ABC↑D benchmark where agent is asked to complete
five chained tasks sequentially based on instructions. We report success rate (%) for each sequential task and the average length of task
completion following standard protocol. Improvements over VPP [31] baseline reported for our method.

Method Handover Block Handover Mic Pick Diverse Bottles Pick Dual Bottles Place Dual Shoes Average

RDT 45 90 2 42 4 36.6
ACT 42 85 7 31 9 34.8
DP 10 53 6 24 8 20.2
DP3 70 100 52 60 13 59.0
ω0 45 98 27 57 15 48.4

VPP 54 80 60 63 52 61.8
FOFPred (ours) 61(+7) 87(+7) 67(+7) 68(+5) 60(+8) 68.6(+6.8)

Table 2. RoboTwin Evaluation: We report success rates on the RoboTwin 2.0 benchmark following their official protocol on the easy
setting. This environment contains a bimanual robot. The five tasks are selected based on necessity of both arms to complete the task. Our
proposed FOFPred achieves consistent improvements over the VPP baseline implemented under identical settings.

seen environments, making it an ideal evaluation task for
our framework. For this task, we utilize the CALVIN
ABC→D setting, where training data is available only for
ABC environments, while evaluation is performed zero-
shot on the novel D environment. Given the multi-step se-
quential manipulation tasks within this benchmark, the stan-
dard evaluation metrics are i

th task success rate and the av-
erage length of task stages completed. We report this stan-
dard metrics from the benchmark used across prior work
[31, 62] for our evaluations. The RoboTwin 2.0 frame-
work provides a scalable approach for bimanual (dual-arm)
robotic manipulation, specifically addressing the limitations
of oversimplified simulations for two-arm tasks. We select
5 tasks that specifically require utilizing both arms for ma-
nipulation in order to successfully complete the task. This
benchmark allows evaluating the generality of our frame-
work across both single and dual arm robotic environments.
The standard evaluation metric for this benchmark is suc-

cess rate which we use in our evaluations, along with the
average success rate across all tasks.

CALVIN Results: Our results reported in Table 1 demon-
strate state-of-the-art performance of our FOFPred frame-
work in long-horizon, zero-shot robot manipulation. All
evaluations follow standard protocol [53]. Results for base-
lines are reported directly from prior work [31, 98]. Train-
ing on the full split for the ABC→D setting, our FOF-
Pred framework registers the highest success rate across all
five chained tasks, culminating in a Task 5 Success Rate
of 0.787 and the highest Average Length of task comple-
tion at 4.48, marginally surpassing the prior best model,
DreamVLA (4.44). This strong performance confirms our
method’s superior ability to generalize to novel language
instructions for sequential, multi-step manipulation. Fur-
thermore, in the data-limited regime (using only 10% of
the ABC dataset), our method continues to excel, achiev-
ing an average length of 3.43, which is noticeably higher

Method Training Data ith Task Success Rate → Avg. Len →
1 2 3 4 5

RT-1 100% ABC 53.3 22.2 9.4 3.8 1.3 0.90
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setting. This environment contains a bimanual robot. The five tasks are selected based on necessity of both arms to complete the task. Our
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seen environments, making it an ideal evaluation task for
our framework. For this task, we utilize the CALVIN
ABC→D setting, where training data is available only for
ABC environments, while evaluation is performed zero-
shot on the novel D environment. Given the multi-step se-
quential manipulation tasks within this benchmark, the stan-
dard evaluation metrics are i

th task success rate and the av-
erage length of task stages completed. We report this stan-
dard metrics from the benchmark used across prior work
[31, 62] for our evaluations. The RoboTwin 2.0 frame-
work provides a scalable approach for bimanual (dual-arm)
robotic manipulation, specifically addressing the limitations
of oversimplified simulations for two-arm tasks. We select
5 tasks that specifically require utilizing both arms for ma-
nipulation in order to successfully complete the task. This
benchmark allows evaluating the generality of our frame-
work across both single and dual arm robotic environments.
The standard evaluation metric for this benchmark is suc-

cess rate which we use in our evaluations, along with the
average success rate across all tasks.

CALVIN Results: Our results reported in Table 1 demon-
strate state-of-the-art performance of our FOFPred frame-
work in long-horizon, zero-shot robot manipulation. All
evaluations follow standard protocol [53]. Results for base-
lines are reported directly from prior work [31, 98]. Train-
ing on the full split for the ABC→D setting, our FOF-
Pred framework registers the highest success rate across all
five chained tasks, culminating in a Task 5 Success Rate
of 0.787 and the highest Average Length of task comple-
tion at 4.48, marginally surpassing the prior best model,
DreamVLA (4.44). This strong performance confirms our
method’s superior ability to generalize to novel language
instructions for sequential, multi-step manipulation. Fur-
thermore, in the data-limited regime (using only 10% of
the ABC dataset), our method continues to excel, achiev-
ing an average length of 3.43, which is noticeably higher

Method SSIM → PSNR → LPIPS ↑ FVD↑ KVD↑ MF →

Seer 41.8 10.71 58.8 287.46 81.31 —
Dynamicrafter — — — 204.11 31.81 —
CosHand-I 61.5 16.87 31.3 91.18 19.24 0.432
CosHand-A 53.1 14.92 40.8 90.30 13.68 0.570
InterDyn 66.4 18.60 26.0 19.27 1.99 0.633
InterDyn-R 68.0 19.04 25.2 22.22 2.09 0.641

CogVideoX 67.2 21.51 30.3 78.47 12.46 0.594
FOFPred (ours) 68.4(+1.2) 22.26(+0.75) 28.5(+1.8) 75.39(+3.08) 11.38(+1.08) 0.662(+0.068)

Table 3. Evaluation of Language-Driven Motion Control in T2V: We evaluate the ability of our T2V pipeline for language-driven
motion control using the motion heavy SSv2 dataset following prior work [1]. Over the CogVideoX baseline, our FOFPred framework
shows consistent improvements in generation quality.

than other models in this setting, highlighting its data effi-
ciency. Similar trends of data efficiency have been observed
in prior works utilizing motion representations [21, 62], an-
other benefit of our framework.
RoboTwin Results: We report RoboTwin results in Table 2,
demonstrating the effectiveness of our FOFPred framework
in complex bimanual manipulation tasks. Results for base-
lines are directly from the official leaderboard [15], with
attempted replication following the official codebase. We
note that we were unable to replicate the baseline results re-
ported in leaderboard for some tasks (e.g. Handover Mic),
but nevertheless report official values from the benchmark
leaderboard. We replicate the VPP baseline [31] following
their official codebase training under identical settings as
our FOFPred framework, enabling a direct and fair point
of comparison. On our selected task subset, our model
achieves an average success rate of 68.6%, significantly
outperforming our baseline model, VPP (61.8%), which is
trained similarly on web human videos, but with frame pre-
diction instead of motion prediction. Our FOFPred outper-
forms this baseline consistently across all tasks, demonstrat-
ing the strength of motion prediction over frame prediction.
In comparison to other baselines, our model notably shows
robust performance across tasks (e.g. Place Dual Shoes),
highlighting its better generalization ability. We take these
results as confirmation on the utility of FOFPred framework
for solving complex robotic tasks requiring cooperative bi-
manual manipulation.

4.2. Motion Control in Video Generation
Our second downstream task focuses on text-to-video gen-
eration with focus on language-driven motion control as-
pects. Table 3 presents results for our evaluation on the val-
idation split of SSv2 dataset following prior work [1]. Our
evaluation protocol is identical to [1] with results for base-
lines [1, 25, 73, 89] reported directly from [1]. We imple-
ment and evaluate the CogVideoX baseline [92] under iden-
tical settings as our FOFPred framework. We achieve con-
sistent improvements over the CogVideoX baseline across

all major metrics. Notably, while most prior controllable-
generation baselines (e.g., [1, 73]) rely on auxiliary control
signals such as hand or object masks over time—inputs that
are not freely available at inference, our framework operates
solely from language prompts and visual context. Despite
this weaker supervision at test-time, FOFPred attains com-
parable or superior performance, underscoring its capacity
to learn text-conditioned motion representations that gen-
eralize without explicit spatiotemporal guidance. We take
these results as indication to how motion-aware language
grounding alone can yield coherent, controllable dynamics
in text-to-video generation.

4.3. Ablations
Next we analyze contributions of each design choice. For
all experiments in this section, we use only the SSv2 dataset
as the pretraining source for faster experimentation. This
dataset provides a broad range of human activity videos
with rich motion diversity, making it a suitable testbed for
controlled comparisons. For evaluation, we follow the stan-
dard CALVIN setup [31, 53], where each evaluation se-
quence consists of five chained tasks. While our main
experiments utilize the full 1000-sequence benchmark to
ensure comprehensive assessment, the ablations are per-
formed on a reduced subset of 400 sequences to facilitate
efficient experimentation without compromising represen-
tativeness. The following analyses dissect three key factors:
overall framework, human web video pretraining, and mo-
tion disentangling strategy. We evaluate each for its impact
on motion guidance prediction through downstream task
performance.
Backbone Ablation: Table 4 establishes contribution of
our DiT modifications, the VLM component in our architec-
ture, and the pretraining stages. The image diffusion-only
SD-XL [66] baseline achieves lower performance com-
pared to our VLM-diffusion architecture [86], indicating
its ability to model low-level motion but limited under-
standing of linguistic context and multimodal reasoning.
Alternate video DiTs (SVD [9], CogVideoX [92]) result
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Figure 2. Overview of Proposed FOFPred: (Left & Center) We present the unified VLM-Diffusion architecture used in FOFPred. Only
the DiT module is trained while the VAE and VLM remain frozen. (Right) We illustrate two distinct pipelines constructed with FOFPred
for two orthogonal tasks in control and generation. Each task specific head is first finetuned prior to inference on the downstream task.

lizes “Trace-of-Mark” annotations on video movements for
action grounding and planning across digital and physical
tasks. Other approaches focus on improving world model
reasoning before action generation: FlowVLA [100] em-
ploys a “Visual Chain of Thought” to explicitly predict op-
tical flow before the next visual frame, disentangling mo-
tion dynamics from static appearance for more efficient
policy learning, while DreamVLA [98] forecasts a com-
pact set of crucial “world knowledge”, including dynamic
regions, depth, and semantics, to guide action planning
and establish a robust perception-prediction-action (PPA)
loop. Independently, optical flow has served as a pri-
mary representation in computer vision for motion learn-
ing [22, 27, 52, 69, 83], and its extension to trajectories
of pixel subsets [8, 85, 90, 95] has found utility in robot
control. However, methods relying on localized trajecto-
ries [11, 41, 72, 94] often limit their focus to specific object
movements, overlooking crucial global information, such
as the overall movement of a manipulator. In contrast, our
FOFPred predicts spatially dense future optical flow lever-
aging powerful unified model architectures.

Motion Control in Video Generation. Controlling mo-
tion in video generation using spatial conditioning signals
has been widely explored [10, 16, 23, 28, 45, 47, 55, 70,
82, 84, 87, 93, 96, 99, 101]. Some methods define object
motion through sparse user-provided trajectories and points,
including DragNUWA [93], DragAnything [87], Tora [96],
TrackGo [101], and the foundational Controllable Video
Generation [28]. Others employ explicit motion models,
such as MotionCtrl [84], Motion-I2V [70], and Motion-
Conditioned Diffusion Models [16]. Additional techniques
achieve control through motion fields (MOFA-Video [55]),
image-based precision guidance (Image Conductor [47]),
compositional video synthesis (VideoComposer [82]), or
generalized animation (AnimateAnything [45]). However,
language-based explicit motion control remains underex-
plored, which we focus on in this work.

3. Method
Optical Flow, the apparent displacement of pixels between
frame pairs, has a long history in computer vision [7, 30].
Estimating the true optical flow given a frame pair is a well-
established problem [76]. On the other hand, several recent
works explore a different task of estimating future optical
flow from a single frame [2, 21, 78], with some conditioned
on language [62, 90]. To distinguish this task of future pixel
displacement estimation from a single frame, we use the
term future optical flow in the following sections.

First, we introduce FOFPred, our framework that gen-
erates future optical flow, given a language instruction and
one or more images. This future optical flow generation
is learned from video-caption pairs without any pixel-level
human annotation. We train a unified LLM-diffusion archi-
tecture based model to generate sequences of future opti-
cal flow frames. In the following sections, we first detail
the architecture of our framework, followed by training and
inference procedures. Next we describe our extension for
robot control, a task requiring strong awareness of object
and ego motions. Finally we present our second extension
for motion control in text-to-video generation.

3.1. Architecture
Motivated by recent success of unified model architectures
in language conditioned visual generation [14, 57, 86, 88],
we construct FOFPred that maps frame sequences and lan-
guage into future optical flow sequences. We illustrate an
architectural overview of FOFPred in Figure 2.

Consider observations (images) xt → Rh→w→c corre-
sponding to time step t and paired natural language cap-
tion c. We first utilize an autoregressive transformer based
vision-language model as a textual feature encoder that en-
codes both language caption c & visual input xt↑1,xt to
obtain fc. We next encode visual inputs, xt↑1,xt with a
VAE encoder to obtain fv . The textual (fc) & visual (fv)
features are passed through MLP layers and input to our dif-

fusion transformer (DiT). Outputs of the DiT, f̂y are passed
through a VAE decoder to obtain ŷ sequences which corre-
spond to future optical flow sequences.

For our DiT architecture, we utilize the OmniGen trans-
former [86], introducing several modifications to enable
temporal modeling, given the time dimension of our frame-
work’s inputs and outputs. We first modify the DiT 2D
RoPE encoding to handle both input and output frame se-
quences. Next we update the DiT transformer blocks to
perform full spatio-temporal attention in order to model the
temporal axes in frame sequences. This design introduces
no additional learnable parameters, enabling our framework
to directly benefit from image domain pretraining used in
[86]. In terms of other components, we use Qwen2.5-VL
[4] as our VLM and Flux.1 VAE [42] as our visual encoder-
decoder. The two MLP layers ensure channel dimension of
both textual and visual features are common. These con-
ditional inputs are simply appended to the DiT input se-
quence. Further details in Appendix A.

3.2. Optical Flow Representation
In contrast to prior future optical flow generation works
[62, 90], we adopt an RGB space representation for opti-
cal flow (OF). This allows us to directly benefit from exist-
ing powerful VAE models to encode our OF, in contrast to
training or finetuning the VAE model [62, 90]. Motivated by
[12, 100], we explore representing OF in RGB formats by
mapping the polar coordinate values of OF to the HSV color
space. We map magnitude, rotation, and a linear combina-
tion of these two from the polar representation into the three
H-S-V channels respectively. We tune the scaling values for
these mappings to maximize visual continuity across frames
(e.g. no flickering) and to resemble RGB images (e.g. ani-
mated graphics). See Appendix B for further details.

3.3. Training
Our FOFPred framework is trained end-to-end to predict fu-
ture optical flow sequences conditioned on image sequences
and paired textual captions. During training, the target op-
tical flow sequence, y, is calculated using a suitable opti-
cal flow calculation algorithm, F , which can access the fu-
ture frames for the calculation. We use y[i] = F(xi,xi+1)
where ·[i] indexes the i-th frame of each sequence. These
optical flow targets are encoded with the VAE encoder to
obtain fy which is in turn used with a flow matching diffu-
sion loss as the training objective.

Let us define the learnable components of our frame-
work, i.e. the two MLPs and DiT, as D such that
D(fc,fv,f0) → f̂y where f0 is the noise sample and f̂y

is predicted tensor output of the DiT module. Given targets
fy and interpolated feature f t

y
= (1 ↑ t)f0 + t · fy for

t ↓ U(0, 1), we obtain our training objective as,

LFM(ω) = ↔{D(fc,fv,f
t

y
)↑ (fy ↑ f0)↔22 (1)
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Figure 3. Relative Optical Flow Calculation: We illustrate the
key stages of the algorithm for calculating optical flow targets for
our training.

where ω are our learnable parameters. During training, we
perform classifier-free guidance dropping the textual con-
dition (fc) or the visual condition (fv). We also partially
mask our visual condition (fv) along time (e.g. xt→1 is
masked) and viewpoint axes. Note that our visual obser-
vation, xt, may contain images corresponding to multiple
viewpoints, hence the viewpoint masking.

Relative Optical Flow Calculation: We construct our
framework to train from internet videos of human activi-
ties (e.g. taken from a mobile phone), where each video
may contain both camera (i.e. ego) motion and object mo-
tions. We construct our optical flow calculation algorithm,
F , accounting for these possible structures of training data.
Given a current-future frame pair, we first use an off-the-
shelf optical flow calculation algorithm [76] to calculate
flow vectors. Next, motivated by prior work [91], we use
homography techniques with deep features [43] to estimate
the camera motion. Then we utilize the camera motion esti-
mates with projective geometry to calculate flow vectors rel-
ative to the camera. Object motions are disentangled from
camera motions in these relative optical flow vectors. Fur-
ther details on this calculation in Appendix C. We also note
how motion in natural videos is not uniformly distributed.
To tackle this, given optical flow between frame pairs, we
take the top-k percent of flow values as a proxy to motion
between those frame pairs. We select frame sequences such
that motion between consecutive pairs exceeds a specific
threshold. The final optical flow targets used to train our
framework are calculated for these filtered frame sequences.
Further details of our frame selection in Appendix D. Given
the computational cost of our data preprocessing, initial
frame selection utilizes a fast optical calculation [51] on low
spatial resolution frames. Relative optical flow calculation
is performed on original resolution images. Both steps are
performed offline as one time processes, resulting in similar
sampling costs as uniform frame sampling during training.

3.4. Inference
Our VLM and VAE encoders act as feature extractors, fol-
lowed by the MLP layers projecting these features to a com-
mon dimension. The DiT module uses these features as
conditional inputs to perform k iterations of reverse diffu-

BUT Internet Data is noisy
  A) Random Camera Motions
  B) Long Static Regions
  C) Caption Misalignment

We explore 
❖ Relative Optical Flow Calculation
❖ Motion Aware Frame Sampling
❖ Leveraging VLM-Diffusion Backbone 

Key Design Choices
Method AL →

Ours 4.39
No DiT temporal adaptation 4.05(-0.34)
Replace VLM w/ Sentence-T5 3.95(-0.44)
No web-video pretraining 3.91(-0.48)
No image-edit pretraining 4.14(-0.25)
Stable Diffusion-XL (SD-XL) 4.01(-0.38)

Stable-Video Diffusion (SVD) 4.10(-0.29)
CogVideoX 4.31(-0.08)

Table 4. Ablations: We highlight usefulness of our architecture
& pretraining design choices, and how tuning alternative Image /
Video DiTs did not outperform our modified VLM-diffusion back-
bone. CALVIN average length (AL) is reported.

in reduced robot performance and lower-quality OF (see
Appendix E), indicating that language-driven OF predic-
tion requires strong visual-language understanding, text-
aligned motion geometry & spatial precision over appear-
ance/texture consistency that video DiTs provide. Our pre-
training leverages superior language-grounded spatial pri-
ors from high-resolution image editing pretraining, while
our DiT modifications effectively create a minimal video-
DiT, sufficient for modeling short-horizon OF sequences.
Together, these results validate our architectural design:
combining VLM and diffusion components benefits gen-
eralizable learning of motion guidance prediction from
weakly aligned web captions.
Pretraining Ablation: Table 5 investigates the effect of
pretraining on large-scale web videos of human activities
compared to teleoperated robotic demonstrations by using
the full DROID dataset [35]. While DROID provides di-
verse in-the-wild robot manipulation demonstrations, it re-
mains limited in coverage and motion variability relative to
human activity videos such as SSv2. When pretrained for
the same number of steps and data samples, our model ex-
hibits a noticeable performance gain (+0.35) when trained
on SSv2, confirming that web-scale human motion data sig-
nificantly improves the model’s ability to infer language-
conditioned motion patterns.
Ablation on Motion Target Calculation: Table 6 exam-
ines how different formulations of motion supervision af-
fect the ability to learn meaningful language-conditioned
motion guidance prediction. Removing disentangling and
using raw optical flow (Row 3) results in significant per-
formance drop, suggesting that camera-induced motion
severely hinders learning of object-centric motion guidance.
Similarly, static frame targets (Row 2), which ignore mo-
tion altogether, lead to underfitting of temporal dynamics.
In contrast, our disentangled motion targets (Row 4, de-
fault) yield the best results, demonstrating that separating
object motion from camera motion provides clean, physi-
cally meaningful supervision aligned with linguistic intent.
This confirms that our motion disentangling algorithm is

Pretrain Dataset Train Steps Avg Len

DROID 2000 4.04
SSv2 2000 4.39(+0.35)

Table 5. Ablation on Human Web Video Pretraining: We in-
vestigate impact of human videos on our framework by pretraining
for a common step count on both DROID [35] and SSv2 dataset.
DROID is a large-scale “In-the-Wild” robotic manipulation dataset
containing diverse scenes and actions in its teleoperated demon-
stration videos. We use 76K videos for both human data (randomly
drawn from SSv2) and robotic data (full DROID). Despite equal
dataset size & training steps, human data yielded superior perfor-
mance. We hypothesize that this is due to higher causal diversity
(e.g., complex tool use, varied viewpoints) in human videos.

Method Avg Len

No Video Pretraining 3.91(-0.48)

Static Frame Targets 4.28(-0.11)

Raw Motion Targets 3.89(-0.50)

Disentangled Motion Targets 4.39

Table 6. Ablation on Motion Disentangling Strategy: We exam-
ine the importance of motion disentangling for learning language
driven dense pixel motion prediction from web videos of human
activities. In line with prior work [91], our results demonstrate
the difficulty of learning any meaningful signals without suitable
disentangling of motion targets using our algorithm. In Row 1, we
provide a baseline with no video pretraining, followed by pretrain-
ing with static frame targets (similar to VPP [31]), raw motion tar-
gets (no camera-object motion separation), and our disentangled
motion targets (default) in Rows 2-4 respectively.

critical for grounding model predictions in genuine object
dynamics rather than pixel changes from viewpoint shifts.
OF Quality: We also quantitatively measure our OF pre-
diction quality, establishing strong performance as well as
a positive correlation in OF quality to downstream task per-
formance. See Appendix E for these results.

5. Conclusion
We presented FOFPred, a new framework for bridging
language and motion through dense, pixel-level displace-
ment prediction. Our disentangling algorithm refines noisy
web video supervision by separating object and cam-
era motion, yielding cleaner learning signals. The uni-
fied VLM–diffusion backbone further enables robust mul-
timodal learning from diverse and noisy caption data.
Through extensive experiments across robotics and video
generation, we demonstrate that motion-guided represen-
tations substantially enhance language-conditioned control
and synthesis. We hope this work paves the way toward
generalizable, motion-aware world models that understand
and act through dynamic visual grounding.

Method AL →
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CogVideoX 4.31(-0.08)
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bone. CALVIN average length (AL) is reported.

in reduced robot performance and lower-quality OF (see
Appendix E), indicating that language-driven OF predic-
tion requires strong visual-language understanding, text-
aligned motion geometry & spatial precision over appear-
ance/texture consistency that video DiTs provide. Our pre-
training leverages superior language-grounded spatial pri-
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