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Figure 1. Our proposed model, FOFPred, learns generalizable language-driven future optical flow prediction that supports robot
control and video generation. < - > is a placeholder for text (e.g., Left/Up/Right). For visualization purposes, we sample points from
the predicted future optical flow and show their predicted trajectories in this figure.

Abstract

Future motion representations, such as optical flow, of-
fer immense value for control and generative tasks. How-
ever, forecasting generalizable spatially dense motion rep-
resentations remains a key challenge, and learning such
forecasting from noisy, real-world data remains relatively
unexplored. We introduce FOFPred, a novel language-
conditioned optical flow forecasting model featuring a uni-
fied Vision-Language Model (VLM) and Diffusion architec-
ture. This unique combination enables strong multimodal
reasoning with pixel-level generative fidelity for future mo-
tion prediction. Our model is trained on web-scale human
activity data—a highly scalable but unstructured source.
To extract meaningful signals from this noisy video-caption
data, we employ crucial data preprocessing techniques and
our unified architecture with strong image pretraining. The
resulting trained model is then extended to tackle two dis-
tinct downstream tasks in control and generation. Eval-

uations across robotic manipulation and video generation
under language-driven settings establish the cross-domain
versatility of FOFPred, confirming the value of a unified
VLM-Diffusion architecture and scalable learning from di-
verse web data for future optical flow prediction.

1. Introduction

Recent studies have investigated the use of motion repre-
sentations such as optical flow [69, 99], sparse motion tra-
jectories [8, 92, 105], and direction commands [13, 91, 103]
for multiple control and generation tasks. The main idea be-
hind such motion representations, often in the form of future
pixel movements like optical flows and trajectories, is to ex-
plicitly capture desired dynamics necessary for downstream
tasks such as robot control and video generation.

In the case of robot control, models with such future mo-
tion representations have the capability to explicitly con-
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sider future pixel displacement information to infer robot we calculate dense relative optical ow compensating for
actions [8, 69, 92, 99, 105]. This is in contrast to the the camera motion and model this with diffusion, which im-
conventional Vision-Language-Action (VLA) models tak- proves our learning from noisy web videos.
ing only RGB-frames and language instructions as input.  Finally, we validate the effectiveness and generality of
Similarly, video diffusion models utilizing motion represen- FOFPred through evaluation on two challenging down-
tations enables generation of videos with consistent and destream tasks: language-driven robotic manipulation and
tailed movements, and it does it better than the counterpartdanguage-guided motion video generation. For each task,
utilizing language-only instructions [15, 24, 42, 53]. we attach a diffusion policy head or a video diffusion head
The key is in reliable and generalizable computation on top of FOFPred and ne-tune the two heads separately
of such motion representation, which often involves future for the respective downstream domains.
forecasting. What has to be provided to the models for We summarize our key contributions as follows:
many (robot) control and (video) generation tasks is how . ynjed VLM-Diffusion: Adopting this recent archi-
things should move in the future, not what motion has been  tecture for generalizable future optical ow prediction.
observed in the past. This inherently is a challenging task:
it requires a clear formulation of what type of “future mo-
tion' we will be computing, curating large enough training
data with strong supervisory signals, and an elegant model
capable of fully digesting such (potentially cross-domain) ¢ Cross-Domain Versatility: To the best of our knowl-

e Scalable Learning: Establish framework for learning
future optical ow prediction from web-scale human ac-
tivity videos.

training data while generalizing across domains. edge, the rst to utilize VLM—diffusion backbone for
In this paper, we formulate the problem as the fore- robotic manipulation and controlled video generation
casting of future optical ows conditioned on language in-  under language-driven settings.

structions, and present a new model architecture to forecast
them. We also discuss how we can train our model with 2 Related Work
videos from various sources, ranging from human videos < clae or

to robot videos. Optical ows are spatially dense motion yni ed Model for Control Generation. Recent progress
representations, capturing movements of every pixel in thej foundation models has demonstrated a powerful trend
scene. This better preserves motion details compared tqoward uni ed model architectures that integrate diverse
sparse representation, and enables easy use of diffusiopggalities and achieve highly controlled visual input ma-
models to learn their distributions in the form of images. nipulation. These generalist models [6, 17, 30, 37, 63, 64,
In contrast to predicting RGB frame sequences, which alsogy g7 100], often building on transformers and large-scale
capture future motion [35], optical ow eliminates static pre-training (e.g., Gato [70]), establish single frameworks
information irrelevant to motion, leading to more motion- capable of handling hundreds of tasks. In the generative do-
centric representations [69]. main, this uni cation enables advanced control: models like
We introduce an optical ow forecasting model unifying  UniDiffuser [6] tackle various image generation and editing
both Vision-Language Models (VLM) and Diffusion. Fully tasks within a single conditional framework, while BLIP-
taking advantage of VLM reasoning capability and pre- 3o [17], OmniGen-2 [94], and MetaQuery [64] demon-
trained diffusion model image generation ability, we train strate sophisticated language-conditioned iterative modi -
our VLM-Diffusion model to generate future optical ow cation and transfer across modalities. Crucially, the de-
images. Our model is trained on web-scale human activity velopment of plug-and-play architectures like ControlNet
videos with paired captions allowing highly-scalable train- [108] established the blueprint for adding exible, low-level
ing. The resulting model, named FOFPred, enables highlyspatial controls to pretrained diffusion models. This pio-
generalizable language-driven future optical ow prediction neering work inspired recent uni ed generative backbones
as illustrated in Figure 1. that accept diverse conditioning signals, enabling versatile
While learning from web videos provides this strong controllable generation [21, 30, 36-38, 43, 55, 81]. This
generality, such data is highly unstructured with noisy foundation of multi-modal input, uni ed architecture, and
videos and captions. Most prior work learning future mo- exible control is a key enabler for tackling complex tasks
tion representations either avoid training with such data like controlled video [66, 67, 84, 88] and robotic action
[8,69, 92,99, 105] or utilize RGB frame prediction [35, 40]. [51, 57, 68, 87] generation.
In [100] where such training data is used, explicit cam- Motion Representations in Robot Control. Learning mo-
era motion correction is used to handle noisy videos andtion related information from videos has been widely ex-
a VLM backbone enables learning from diverse noisy cap- plored in robot learning [3, 16, 22, 23, 35, 40, 44, 48, 61,
tions. However, the use of only a VLM restricts their future 65, 71, 74, 75, 78, 80, 82]. Building on this, the eld
motion prediction to sparse pixel trajectories. In our work, has increasingly explored vision-language-action (VLA)



Figure 2. Overview of Proposed FOFPred: (Left & Center) We present the uni ed 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 speci c head is rst netuned prior to inference on the downstream task.

models to learn policies conditioned on natural language Video [62]), image-based precision guidance (Image Con-
[22, 35, 40, 80], although many of these still rely on ex- ductor [52]), compositional video synthesis (VideoCom-
tensive action-trajectory annotations or task-speci ¢ heuris- poser [89]), or generalized animation (AnimateAnything
tics. Recent foundation models aim to overcome this by [49]). However, language-based explicit motion control re-
better integrating spatio-temporal intelligence: MAGMA mains underexplored, which we focus on in this work.
[100] utilizes “Trace-of-Mark” annotations on video move-

ments for action grounding and planning across digital and 3. Method

physical tasks. Other approaches focus on improving world . . .
model reasoning before action generation: FlowVLA [112] OPtical Flow, the apparent displacement of pixels between

employs a “Visual Chain of Thought” to explicitly pre- frame p'airs, has a Iong history .in computer visjo_n [7, 34].
dict optical ow before the next visual frame, disentangling Est|m§1t|ng the true optical ow given a frame pair is a well-
motion dynamics from static appearance for more ef cient established proble_m [83]. On the oth_er hgnd, several rgcent
policy learning, while DreamVLA [109] forecasts a com- works explore a different task of estimating future optical

pact set of crucial “world knowledge”, including dynamic  ©W from asingle frame [2, 25, 85], with some conditioned
regions, depth, and semantics, to guide action planningon language [69, 99]. To distinguish this task of future pixel

and establish a robust perception-prediction-action (PPA)displacement estimation from a single frame, we use the
loop. Independently, optical ow has served as a pri- term_ future qptlcal ow in the following sections.

mary representation in computer vision for motion learn-  First, we introduce FOFPred, our framework that gen-
ing [26, 31, 59, 76, 90], and its extension to trajectories erates future pptlcal ow, given a Iangqage instruction gnd
of pixel subsets [8, 92, 99, 105] has found utility in robot ©N€ OF more images. This future optical ow generation

control. However, methods relying on localized trajectories IS |€arned from video-caption pairs without any pixel-level
[14, 45, 79, 104] often limit their focus to speci ¢ object human annotation. We train a uni ed LLM-diffusion archi-

movements, overlooking crucial global information, such ecture based model to generate sequences of future opti-

as the overall movement of a manipulator. In contrast, our €& oW frames. In the following sections, we rst detail
FOFPred predicts spatially dense future optical ow lever- the architecture of our framework, followed by training and
aging powerful uni ed model architectures. inference procedures. Next we describe our extension for

robot control, a task requiring strong awareness of object
Motion Control in Video Generation. Controlling mo-  and ego motions. Finally we present our second extension
tion in video generation using spatial conditioning signals for motion control in text-to-video generation.
has been widely explored [13, 19, 27, 32, 49, 52, 62, 77, .
89, 91, 96, 103, 107, 110, 113]. Some methods de ne ob—3'1' Architecture
ject motion through sparse user-provided trajectories andMotivated by recent success of uni ed model architectures
points, including DragNUWA [103], DragAnything [96], in language conditioned visual generation [17, 64, 94, 97],
Tora [107], TrackGo [113], and the foundational Control- we construct FOFPred that maps frame sequences and lan-
lable Video Generation [32]. Others employ explicit mo- guage into future optical ow sequences. We illustrate an
tion models, such as MotionCtrl [91], Motion-12V [77], and architectural overview of FOFPred in Figure 2.
Motion-Conditioned Diffusion Models [19]. Additional Consider observations (images) 2 R"Y¢  corre-
techniques achieve control through motion elds (MOFA- sponding to time step t and paired natural language cap-



tion c. We rst utilize an autoregressive transformer based
vision-language model as a textual feature encoder that en-
codes both language caption ¢ & visual inpyt x; X; to
obtain f.. We next encode visual inputs; x ;X with a
VAE encoder to obtain §. The textual (f) & visual (f)
features are passed through MLP layers and input to our dif-
fusion transformer (DiT). Outputs of the Diff\y are passed
through a VAE decoder to obtathsequences which corre-
spond to future optical ow sequences.

For our DIiT architecture, we utilize the OmniGen trans-
former [94], introducing several modi cations to enable i )
temporal modeling, given the time dimension of our frame- WOrk, i.e. the two MLPs and DiT, as D such that
work's inputs and outputs. We rst modify the DIT 2D DP(f cifvifo) ! fy where fo is the noise sample arfq
ROPE encoding to handle both input and output frame se-'S predlqted tensor output of the DIiT module. Given targets
quences. Next we update the DiT transformer blocks to fy @nd interpolated feature;f.= (1 9f o+t fyfor
perform full spatio-temporal attention in order to model the t U(0; 1), we obtain our training objective as,
temporal axes in frame sequences. This design introduces _ f gt 2
no additional learnable parameters, enabling our framework LraQ) =KD cifyify) (Fy T olka @)

to directly bene t from image domain pretraining used in where are our learnable parameters. During training, we
[94]. In terms of other components, we use Qwen2.5-VL perform classi er-free guidance dropping the textual con-
[4] as our VLM and Flux.1 VAE [46] as our visual encoder- dition (f ) or the visual condition (f). We also partially
decoder. The two MLP layers ensure channel dimension ofmask our visual condition (f) along time (e.g. x. is
both textual and visual features are common. These con-masked) and viewpoint axes. Note that our visual obser-
ditional inputs are simply appended to the DiT input se- vation, x,, may contain images corresponding to multiple
quence. Further details in Appendix A. viewpoints, hence the viewpoint masking.

3.2. Optical Flow Representation Relative Optical Flow Calculation: We construct our

] ) ) framework to train from internet videos of human activi-
In contrast to prior future optical ow generatl_on works_ ties (e.g. taken from a mobile phone), where each video
[69, 99], we adopt an RGB space representation for opti- may contain both camera (i.e. ego) motion and object mo-

cal ow (OF). This allows us to directly bene t from exist-  {jons. \We construct our optical ow calculation algorithm,
ing powerful VAE models to encode our OF, in contrast 0 £ accounting for these possible structures of training data.
training or netuning the VAE model [69, 99]. Motivated by  Gijyen a current-future frame pair, we rst use an off-the-
[15, 112], we explore representing OF in RGB formats by gneif optical ow calculation algorithm [83] to calculate
mapping the polar coor_dmate valu_es of OF to.the HSV cqlor ow vectors. Next, motivated by prior work [100], we use
space. We map magnitude, rotation, and a linear combina+,smography techniques with deep features [47] to estimate
tion of these two from the polar representation into the three o camera motion. Then we utilize the camera motion esti-
H-S-V channels respectively. We tune the scaling values for mates with projective geometry to calculate ow vectors rel-
these mappings to maximize visual continuity across framesagjve to the camera. Object motions are disentangled from
(e.9. no ickering) and to resemble RGB images (€.9. ani- camera motions in these relative optical ow vectors. Fur-
mated graphics). See Appendix B for further details. 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 ow between frame pairs, we
Our FOFPred framework is trained end-to-end to predict fu- take the top-k percent of ow values as a proxy to motion
ture optical ow sequences conditioned on image sequenceshetween those frame pairs. We select frame sequences such
and paired textual captions. During training, the target op- that motion between consecutive pairs exceeds a specic
tical ow sequence, vy, is calculated using a suitable opti- threshold. The nal optical ow targets used to train our
cal ow calculation algorithm, F, which can access the fu- framework are calculated for these Iltered frame sequences.
ture frames for the calculation. We use y[i] = F{(xXi+1 ) Further details of our frame selection in Appendix D. Given
where [i] indexes the i-th frame of each sequence. Thesethe computational cost of our data preprocessing, initial
optical ow targets are encoded with the VAE encoder to frame selection utilizes a fast optical calculation [58] on low
obtain f, which is in turn used with a ow matching diffu-  spatial resolution frames. Relative optical ow calculation
sion loss as the training objective. is performed on original resolution images. Both steps are
Let us de ne the learnable components of our frame- performed of ine as one time processes, resulting in similar

Figure 3. Relative Optical Flow Calculation: We illustrate the
key stages of the algorithm for calculating optical ow targets for
our training.

3.3. Training



sampling costs as uniform frame sampling during training. Go-with-the-Flow (GWTF) [13]. First, FOFPred takes a
static visual observation (the initial frame) and a textual
3.4. Inference description of the desired future motion as input. Condi-
Our VLM and VAE encoders act as feature extractors, fol- tioned on these inputs, FOFPred generates a sequence of
lowed by the MLP layers projecting these features to a com- future optical ow frames. This sequence is subsequently
mon dimension. The DiT module uses these features aghterpolated to create a dense motion signal. In the second
conditional inputs to perform k iterations of reverse diffu- Stage, this dense motion and the initial frame are passed
sion. The value k is varied based on the downstream appli-to the video generation head (GWTF), which synthesizes
cation. For the DiT, we perform classi er-free guidance on the nal video sequence, ensuring the output realizes the

the text and visual features. motion pattern de ned in the original text. Compared to
single-stage T2V methods [41, 86, 101], our approach is
3.5. Downstream Use Case |: Robot Control computationally more intensive but offers two distinct ad-

K vantages. It demonstrates superior delity to complex tex-

We rst validate the usefulness of our FOFPred framewor o ) . )
tual motion instructions, and the interpretable future opti-

through language driven robot control or vision-language-

action (VLA). These tasks require robust motion awarenessCa OW sequence provides a crucial, intermediate Ia_yer_of
and precise language-based control. Motivated by priortransparency to the generation process. We also highlight

work [35, 69], we integrate the future optical ow predicted this as an exper_iment to vaIidatq the s_trength of language-
by FOFPred into a diffusion policy network (DPN) [72]. driven future optical ow forecasting ability learned by our
This DPN processes the predicted future optical ow along- framework.
side textual inputs and current state information, mapping
these multimodal inputs directly into action vectors that
control a robotic manipulator. We provide an overview of 4, Experiments
our robot control pipeline in Figure 2.

Given the embodiment awareness necessary for robotiqn thjs section, we rst detail our experimental setup fol-
manipulation, we netune our framework for downstream |oyed by evaluations on language-driven robotics manipu-
robotic tasks. Aligning with established methodologies |4tion and motion focused text-to-video generation. Finally

[35, 69], this process comprises two stages: (1) future opti-\ye provide ablations of our FOFPred framework to validate
cal ow prediction netuning on robotic video-caption data, design choices.

and (2) action head training on robotic demonstration data.

A key distinguishing feature of our work is the future opti- |mplementation Details: Our FOFPred framework con-

cal ow netuning phase, which explicitly accounts for the  (zins three key components: VLM, VAE, and DiT. We
two types of viewpoints, xed external and moving wrist se the Qwen2.5-VL [4] architecture for our VLM and the
cameras, inherent in robotic data. We achieve this by ensurg|x.1 [46] architecture for our VAE. For both models, we
ing cross-view conditioning within the DIT backbone and jnitialize with their of cial pretrained weights. Both the

augmenting our prediction targets fto encompass opti- v M and VAE weights are kept frozen. Our DiT uses a
cal ow from both viewpoint types. These architectural and standard diffusion transformer architecture following Om-
data handling innovations differentiate our framework from picen [94] with modi cations for video generation as de-
previous robot control approaches [35, 69]. For nal robot gcriped in Section 3.1. We initialize the DiT (including pro-

control, the predicted motions are mapped to robotic ac-jector layer MLP) with weights from a model pretrained on
tions with the diffusion policy network from [35] modied  jmage editing tasks from [94].

to condition on our future optical ow predictions.

Training Details: We train our FOFPred framework on
the human activity data from the train split of Something-
We further demonstrate the versatility of FOFPred frame- Something-V2 dataset [28] and the EgoDex dataset [33].
work by exploring Text-to-Video (T2V) generation focused Our training data contains roughly 500,000 video-caption
on purely natural language-based motion control. While pairs. We train our model on 8xH200 GPUs with a global
prior motion-guided video generation methods typically batch size of 4096 for 100 epochs. We note how differ-
rely on low-level visual inputs like pixel-level trajectories or ent frame subsequences are sampled from the same video
motion masks generated by humans through suitable soft-across epochs based on motion based sampling as explained
ware interfaces [13, 96, 103], we investigate the use of tex-in Section 3.3. For robotic manipulation, we additionally
tual descriptions as a direct, human-centric motion control netune our model on all available video data (without ac-
signal. As illustrated in Figure 2, we establish a two-stage cess to action trajectory labels) on the downstream tasks fol-
pipeline connecting FOFPred with video generation head, lowing prior robotic manipulation works [35, 69, 109].

3.6. Downstream Use Case Il: Video Generation



i™ Task Success Rate "

Method Training Data 1 5 3 ) 5 Avg. Len
RT-1[12] 100% ABC 53.3 22.2 9.4 3.8 1.3 0.90
Diffusion Policy [20] 100% ABC 40.2 12.3 2.6 0.8 0.0 0.56
Robo-Flamingo [50] 100% ABC 824 61.9 46.6 33.1 235 2.47
Uni-Pi [22] 100%ABC  56.0 16.0 8.0 8.0 4.0 0.92
MDT [72] 100% ABC 63.1 42.9 24.7 151 9.1 1.55
Susie [9] 100% ABC 87.0 69.0 49.0 38.0 26.0 2.69
GR-1[95] 100% ABC 85.4 71.2 59.6 49.7 40.1 3.06
Vidman [93] 100% ABC 91.5 76.4 68.2 59.2 46.7 3.42
RoboUniview [54] 100% ABC 94.2 84.2 734 62.2 50.7 3.65
LTM [69] 100% ABC 97.1 82.4 72.8 67.2 60.6 3.81
DreamVLA [109] 100% ABC 98.2 94.6 89.5 83.4 78.1 4.44
VPP [35] 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+33) 84.6:25) 78.7+1.8) 4.48:0.15
GR-1[95] 10% ABC 67.2 37.1 19.8 10.8 06.9 1.41
VPP [35] 10% ABC 87.8 74.6 63.2 54.0 45.3 3.25
FOFPred 10% ABC 90.4:2.6) 77428 65.9+2.7) 62.8:5.8) 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
ve 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 [35] baseline reported for our method.

Method Handover Block  Handover Mic  Pick Diverse Bottles  Pick Dual Bottles  Place Dual Shoes  Average
RDT [56] 45 90 2 42 4 36.6
ACT [111] 42 85 7 31 9 34.8
DP [20] 10 53 6 24 8 20.2
DP3[106] 70 100 52 60 13 59.0

o [10] 45 98 27 57 15 48.4
VPP [35] 54 80 60 63 52 61.8
FOFPred (OUI’S) 61(+7) 87(+7) 67(+7) 68(+5) 60(+8) 68-Q+6_8)

Table 2. RoboTwin Evaluation: We report success rates on the RoboTwin 2.0 benchmark following their of cial protocol on the easy
setting. This environment contains a bimanual robot. The ve 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.

4.1. Language-Driven Robot Manipulation dard metrics from the benchmark used across prior work
) ) [35, 69] for our evaluations. The RoboTwin 2.0 frame-
We evaluate on two robot manipulation benchmarks, york provides a scalable approach for bimanual (dual-arm)
CALVIN [60] and RoboTwin 2.0 [18]. The CALVIN  (gpotic manipulation, speci cally addressing the limitations
benchmark is an open-source, simulated environment de«f gyersimpli ed simulations for two-arm tasks. We select
signed for long-horizon, language-conditioned tasks. It 5 tasks that speci cally require utilizing both arms for ma-
challenges agents to perform complex, multi-step manip- nipylation in order to successfully complete the task. This
ulation sequences using continuous control, with task goalpenchmark allows evaluating the generality of our frame-
signals speci ed only via unconstrained natural language york across both single and dual arm robotic environments.
instructions. This dataset focuses on developing policieSThe standard evaluation metric for this benchmark is suc-
that can generalize to novel language instructions and uUn-cass rate which we use in our evaluations, along with the
seen environments, making it an ideal evaluation task for average success rate across all tasks.
our framework. For this task, we utilize the CALVIN
ABCI!D setting, where training data is available only for ~ CALVIN Results: Our results reported in Table 1 demon-
ABC environments, while evaluation is performed zero- strate state-of-the-art performance of our FOFPred frame-
shot on the novel D environment. Given the multi-step se- work in long-horizon, zero-shot robot manipulation. All
quential manipulation tasks within this benchmark, the stan- evaluations follow standard protocol [60]. Results for base-
dard evaluation metrics ar® itask success rate and the av- lines are reported directly from prior work [35, 109]. Train-
erage length of task stages completed. We report this staning on the full split for the ABC!ID setting, our FOF-



Method SSIM " PSNR " LPIPS # FVD# KVD# MF " [102]

Seer [29] 41.8 10.71 58.8 287.46 81.31 —
Dynamicrafter [98] — — — 204.11 31.81 —
CosHand-I [80] 61.5 16.87 31.3 91.18 19.24 0.432
CosHand-A [80] 53.1 14.92 40.8 90.30 13.68 0.570
InterDyn [1] 66.4 18.60 26.0 19.27 1.99 0.633
InterDyn-R [1] 68.0 19.04 25.2 22.22 2.09 0.641
CogVideoX [101] 67.2 21.51 30.3 78.47 12.46 0.594
FOFPred (ours) 68.4.1.2) 22.26.0.75) 28.5:18) 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.

Pred framework registers the highest success rate across a#.2. Motion Control in Video Generation
ve 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 con rms 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
than other models in this setting, highlighting its data ef -
ciency. Similar trends of data ef ciency have been observed
in prior works utilizing motion representations [25, 69], an-
other bene t of our framework.

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
validation split of SSv2 dataset following prior work [1].
Our evaluation protocol is identical to [1] with results for
baselines [1, 29, 80, 98] reported directly from [1]. We
implement and evaluate the CogVideoX baseline [101] un-
der identical settings as our FOFPred framework. We
achieve consistent improvements over the CogVideoX base-
line across all major metrics. Notably, while most prior
controllable-generation baselines (e.g., [1, 80]) rely on aux-
iliary 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 vi-
RoboTwin Results: We report RoboTwin results in Table 2, sual context. Despite this weaker supervision at test-time,
demonstrating the effectiveness of our FOFPred frameworkFOFPred attains comparable or superior performance, un-
in complex bimanual manipulation tasks. Results for base-derscoring its capacity to learn text-conditioned motion rep-
lines are directly from the of cial leaderboard [18], with resentations that generalize without explicit spatiotempo-
attempted replication following the of cial codebase. We ral guidance. We take these results as indication to how
note that we were unable to replicate the baseline results remotion-aware language grounding alone can yield coherent,
ported in leaderboard for some tasks (e.g. Handover Mic), controllable dynamics in text-to-video generation.

but nevertheless report of cial values from the benchmark .

leaderboard. We replicate the VPP baseline [35] following 4.3. Ablations
their of cial codebase training under identical settings as Next we analyze contributions of each design choice. For
our FOFPred framework, enabling a direct and fair point all experiments in this section, we use only the SSv2 dataset
of comparison. On our selected task subset, our modelas the pretraining source for faster experimentation. This
achieves an average success rate of 68:6%, signi cantlydataset provides a broad range of human activity videos
outperforming our baseline model, VPP (61:8%), which is with rich motion diversity, making it a suitable testbed for
trained similarly on web human videos, but with frame pre- controlled comparisons. For evaluation, we follow the stan-
diction instead of motion prediction. Our FOFPred outper- dard CALVIN setup [35, 60], where each evaluation se-
forms this baseline consistently across all tasks, demonstratquence consists of ve chained tasks. While our main
ing the strength of motion prediction over frame prediction. experiments utilize the full 1000-sequence benchmark to
In comparison to other baselines, our model notably showsensure comprehensive assessment, the ablations are per-
robust performance across tasks (e.g. Place Dual Shoes¥prmed on a reduced subset of 400 sequences to facilitate
highlighting its better generalization ability. We take these ef cient experimentation without compromising represen-
results as con rmation on the utility of FOFPred framework tativeness. The following analyses dissect three key factors:
for solving complex robotic tasks requiring cooperative bi- overall framework, human web video pretraining, and mo-
manual manipulation. tion disentangling strategy. We evaluate each for its impact



Method AL"

Ours 4.39

No DiT temporal adaptation 4.0534
Replace VLM w/ Sentence-T5 3.8544)
No web-video pretraining 3.9% 49)
No image-edit pretraining 4.14 o5
Stable Diffusion-XL (SD-XL) 4.010.3g)
Stable-Video Diffusion (SVD) 4.10) 29)
CogVideoX 4.3%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 modi ed VLM-diffusion back-
bone. CALVIN average length (AL) is reported.

on motion guidance prediction through downstream task
performance.

Backbone Ablation: Table 4 establishes contribution of
our DIT modi cations, the VLM component in our architec-
ture, and the pretraining stages. The image diffusion-only
SD-XL [73] baseline achieves lower performance com-
pared to our VLM-diffusion architecture [94], indicating its
ability to model low-level motion but limited understand-
ing of linguistic context and multimodal reasoning. Al-
ternate video DiTs (SVD [11], CogVideoX [101]) result
in reduced robot performance and lower-quality OF (see
Appendix E), indicating that language-driven OF predic-

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 [39] 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 3.9% 4
Static Frame Targets 4.281)
Raw Motion Targets 3.89 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 [100], our results demonstrate
the dif culty 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-

tion requires strong visual-language understanding, text-ing with static frame targets (similar to VPP [35]), raw motion tar-

aligned motion geometry & spatial precision over appear-
ance/texture consistency that video DiTs provide. Our pre-

gets (no camera-object motion separation), and our disentangled
motion targets (default) in Rows 2-4 respectively.

training leverages superior language-grounded spatial pri-

ors from high-resolution image editing pretraining, while
our DiT modi cations effectively create a minimal video-
DiT, suf cient for modeling short-horizon OF sequences.
Together, these results validate our architectural design
combining VLM and diffusion components bene ts 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 usin
the full DROID dataset [39]. 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 7. . . S
)g|ct|on quality, establishing strong performance as well as

the same number of steps and data samples, our model e
hibits a noticeable performance gain (+0:35) when trained
on SSv2, con rming that web-scale human motion data sig-
ni cantly 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

9

using raw optical ow (Row 3) results in signi cant 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 under tting 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.
his con rms that our motion disentangling algorithm is
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-

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 re nes noisy

web video supervision by separating object and cam-



era motion, yielding cleaner learning signals.

The uni-

ed 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- [11]

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.
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Contributions We provide additional details of our architecture in this sec-

tion, focusing on the conditional input processing and the
KR led the project by implementing the preliminary idea of modi cations made to the Diffusion Transformer (DiT). To
language-driven OF prediction, building the codebase for recap, our overall architecture contains 3 main components:
experimentation, and performing most of the evaluations. the VLM (3B parameters), VAE (83M parameters), and DiT
HZ discussed all aspects of the project, contributed to sev-(4B parameters). The DiT (diffusion transformer) module
eral key design choices (on model architecture, OF calcula-is the key component that we modify and train to construct
tion, video evaluations), and helped debug several technicalbur FOFPred model.
issues. YF discussed multiple aspects of the robotic evalua-
tion pipelines, helped implement the RoboTwin evaluations, A.1. Conditional Input Processing
and performed several robotic baseline evaluations. LY con-tpg core architecture utilizes two distinct conditional fea-
tributed to building the video evaluation pipeline, helped y o £ (textual) and f, (visual), which are passed through
investigate our novelty agamst prior \(vorksf, and d'scussedMulti-Layer Perceptrons (MLPs) to ensure dimensional
several aspects of our video generation plpelme. LX pro- compatibility with the Diffusion Transformer.
posed using the uni ed VLM-Diffusion architecture, pro- o

» Textual Feature Projection: The textual feature

vided feedback on our data and training pipeline imple- ) )
mentations, and discussed several early results. RX helped ©Ptained from the Qwen2.5-VL [4] Vision-Language
Model (VLM), has an initial channel dimension of

streamline early exploration of the idea, supported scaling . . ) X
up our training pipeline, and provided several critical feed- ~ 2020- This feature is projected via an MLP layer to a
common channel dimension D. The VLM input con-

back on project design. CX & SS provided the strategic vi- , , ) )
sion for the project, oversaw the research environment, and ?'Sts of the n_aturQI language caption ¢ paired with the
interleaved visual inputspt and x;.

shaped the high-level framing of the research problem. MR

set the direction for robotic downstream tasks and discussed ¢ Visual Feature Projection: The visual feature f, ob-

multiple aspects of the project idea, scope, and implemen-  tained from the Flux.1 VAE [46] encoder, has an initial

tation. JN organized the overall project, set the research di-  channel dimension of 16. This feature is reshaped using

rection, and discussed all aspects of the project idea, scope, 2 2 grid to obtain 64 = 16 2 2 channel dimension

and implementation. vectors, followed by projected via a different MLP layer
to the same common channel dimension D.



« Initial Noise Vector: The noise vector, sampled from B. Optical Flow Representation

the VAE latent space, is also projected into the DIiT ) L _ . .
channel dimension using the same reshaping operationThe visualization algorithm begins by converting the Carte-
and visual feature project MLP layer sian optical ow eld, denotedas F 2 R"W  with com-

ponents { and fy, into a polar represen&ation. The mag-
nitude of the ow is computed as M = f2+f 2 and

We enforce the condition that the output dimensions of
the two MLPs are equal to D = 2520 which is the DiT ) . 4 )
input channel dimension. These projected conditional fea-Normalized by a scaling factor = 64:0. This normalized
tures, f andf, are simply appended to the input noise magnitude,M, is clamped to the range [0;1]. The direc-

sequence of the DiT, providing comprehensive context for tional angle is derived using the four-quadrant inverse tan-
the diffusion process. gent function, = arctan2(f y;f), and is shifted by to

ensure the nal angle lies within the interval [0; 2 ].

Subsequently, these polar coordinates are mapped to the
HSV color space to generate an RGB image. The hue chan-
Our Diffusion Transformer is based on the OmniGen ar- nel H is assigned the ow angle , encoding the direction
chitecture [94], adapted to explicitly handle the temporal of motion, while the saturation channel S is de ned by the
nature of our sequence prediction task (future optical ow normalized magnitudst. The value channel V is set to a
Yerrea  frominputs x1 ;X¢). constant maximum intensity of 1 (formulated in the algo-

_ _ _ rithm asM + (1 M)) - this eliminates large color vari-

Time-Aware 3D RoPE: We implemented a modi ed ROPE  gces across consecutive frames due to outliers. Finally, the

module to handle the required temporal dimension within regylting HSV tensor is converted into RGB format using a
the sequence. The original OmniGen RoPE provides 3-jyifferentiable color space transformation.

axis position encoding (L; H; W) for text length (L), im-

age height (H), and image width (W). Our modi cation C. Optical Flow Calculation
interprets these three axes as: '

A.2. DIiT Modi cations for Temporal Modeling

¢ Axis 1 (Text/Image Shift): Used to assign unique base The proposed_ method (Algor.ithm 1) compensates for_cam-
position IDs for the text tokens and for each separate era motion vy|th|n densg optical ow elds by leveraging
image (or image sequence). This axis is now Ieveragedthe ow df';\ta itself to derlve_ dense correspondences. Rather
than relying on computationally expensive sparse feature
input sequences (x :x.) and the latent noisy output extraction, weyniformly §ample grid points fromfche source
y. frame and project them into the target frame using the raw
) ) ) ow vectors F,y. These calculated point pairs serve as in-
* Axis 2 and 3 (Image H; W): Encode the spatial posi-  pyts for a RANSAC-based homography estimation, which
tions within each frame’s patch grid. computes a transformation matrix H representing the global
Speci cally, for multiple frames (e.g., and x rep- camera motion. A dense “camera ow” eld, &m, is sub-
resentations), the position shift variable is incremented af- sequently synthesized by applying H to the entire coor-
ter processing each frame. This ensures that while text to-dinate grid and calculating the displacement vectors. Fi-
kens and x; tokens receive their respective base position nally, the object-centric motion is isolated by subtracting
IDs, the tokens corresponding tq xeceive a unique, sub- the estimated camera ow from the raw ow, such that
sequent base position ID, which acts as a temporal index.Fobj = F raw F cam A post-processing magnitude thresh-
Overall, this ensures that the tokens are timestamped withold is applied to fp; to suppress residual noise and artifacts
temporal position using RoPE, allowing the transformer to arising from imperfect alignment.
distinguish between and model the relationship across the We reiterate that this one-time process is run of ine. For
consecutive time steps in both the input and output frameour 500,000 training videos, we are able to complete pro-
sequences. cessing using 4 A100 GPUs in roughly 30 hours. This tim-
ing also includes the motion-guided frame sampling (negli-

Spatio-Temporal Attention: The DiT transformer blocks  gip|e time for this operation compared to relative ow cal-
are updated to perform full spatio-temporal attention over culation) that we describe in the next section.

the output tokens. This means the self-attention mecha-

nismis g\on/gured to operatg over the entire input sequenceny Motion-Guided Frame Sampling

fin = [fc,fyv;fy], where f, is the latent sequence of the

noisy optical ow. This design choice allows the DiT to ex- Training video prediction models on natural sequences re-
plicitly capture the motion dynamics and sequence depen-quires careful data curation, as large portions of raw video
dencies required for accurate predictions of future optical may contain static scenes or imperceptible motion that con-
ow frame sequences. tribute little to the learning process. To address this, we em-

to encode the temporal offset or frame index for the



Algorithm 1 Relative Optical Flow Calculation

Algorithm 2 Motion-Aware Frame Selection

Require:

. Fraw2 RB2HW : Default optical ow tensors

> ransae RANSAC reprojection threshold (default 5.0)

s S: Sampling stride (default 8)

: noise POSt-compensation noise threshold (default 0.5)
Ensure:

s Fcomp Camera-motion compensated ow tensors

s procedure COMPENSATEFLOW(Faw; S; ransag noise)
» B;C;H;W shape(F raw)
8 Fcomp LlSt()
s G f(x;y)jO0 x<W;0 y<Hg
S Sample(G;s); po Coords(S)
fori OtoB 1do
fi F raw[i]
Derive Correspondences
v Extract(f i;S)
Pr P otV
Estimate Homography
H FindHomography(p o; p1; RANSAC; ransad
if H is valid then
Compute Camera Flow & Compensation
17 @ PerspectiveTransform(G; H)
feam G © G
fobj f i fcam
Post-Compensation Thresholding
if Threshold Enabled then
M Kkf  opko
1:obj[M< noise] 0
end if
f obj

10

11

13

14

o

f nal
else

fnal f i
27 end if
Append fra t0 Feomp
end for
w0 return Stack(Fcomp)
a1 end procedure

ploy a two-stage ltering pipeline, detailed in Algorithm 2,
which acts as a computational gate to prioritize high-motion

old , Top-Percentile k

Ensure: Selected Frame Indices S

. Initialize selected set S

> fort 1toN 1do

3 . Step 1: Spatial Downsampling for ef ciency
v Resize(l ;w1 ;32 32)
5 . Step 2: Fast Optical Flow Approximation
s Fik LucasKanade(l °V; 1[0y
7 . Step 3: Compute Motion Proxy
;M kF |k ko . Calculate L2 norm of ow vectors

Percentile(M; k) . Extract top-k% value

oo

9 proxy

10 . Step 4: Threshold Filtering
1 if proxy = then

13 end if

1+ end for

s return S

approaches, Lucas-Kanade relies on local least-squares op-
timization, which converges rapidly on small spatial grids
(32 32), allowing for high-throughput processing of mil-
lions of frames. To robustly distinguish meaningful scene
activity from background noise, we derive a scalar motion
Proxy, proxy > fromthe raw ow eld (Lines 8-9). We com-
pute the magnitude (L2 norm) of the ow vectors and select
the top-k percentile value (k = 10) rather than the mean.
This percentile-based approach ensures that the metric is
driven by the moving objects within the scene, rather than
being diluted by large static background regions. Frame
pairs are included in the nal training dataset only if this
proxy value exceeds an empirical threshold (Lines 11—
12), ensuring the model focuses on sequences with signi -
cant temporal dynamics.

The result of this motion-based frame ltering is the
elimination of seemingly static regions of the video. In
practice, we observe that certain static regions are removed
while most frames in other motion-heavy regions remains.
The resulting ltered videos still produce coherent video
segments without breaking the natural temporal continuity
of the motion. The low threshold for motion ltering (we
use a 5 pixel length as threshold for 256 256 images) is

segments before generating expensive ground-truth labels, ~ . . . L .
Calculating dense optical ow (e.g., using RAFT or PWC- crucial for this. We set this based on empirical observation

o . I I fvi . We highligh [
Net) for every frame pair in a large-scale dataset is computa—Over a randomly selected set of videos. We highlight again

tionally prohibitive. To circumvent this bottleneck, we uti- that tune the [tering process is important to ensure coher-

lize aﬁ phtwei ht 6‘\ roximation strategy (Lines 4':—6) We ent frame sequences, instead of generating frame sequences
9 ght app ) gy ! that may contain large discontinuities.

rst spatially downsample all input frames to a resolution of

32 32 pixels. This re_ductlo_n removes hlgh-frequency t_ex- E. OF Quality Evaluation

tures and compression artifacts while preserving dominant

structural motion. On these low-resolution pair§{l), we We quantitatively measure the quality of our predicted fu-

apply the Lucas-Kanade method [58]. Unlike deep learning ture optical ow and report these results in Table A.1. Our



Method EPE (100)# CS" dense vs. sparse motion representations on the downstream
robot control task in Table A.2, reporting average length on

LTM [69] 137 0.243 . : .
Im2Flow2Act [99] 78.3 0.0 the CALVIN benchmark. Training and evaluation settings
SVD[11] 229 0.61 are identical to our ablations in the main paper.

CogVideoX [101] 1.84 0.64 To isolate the value of our dense representation, we
CogVideoX [101] 7.64 0.52 compare our method against two sparse variants: a naive
FOFPred (Ours) 1.48 0.74 baseline where our predicted future optical ows are sub-

sampled to a 16 16 grid, and a re-implementation of
Table A.1. OF Quality: We report End Point Error (EPE) [5] the sparse trajectory model, ATM [92], trained on our
& Cosine-Similarity (CS) between predicted & GT OF, calculated gataset. The results demonstrate a distinct advantage for
on SSv2 (val set). All mode_ls are trained to _predict OF, except spatially dense motion information. Our default dense
Cog\_ﬁdeo)(/ (off-the-shelf weights) where OF is calculated from model achieves an average length of 4.39, signi cantly out-
predicted RGB frames. performing the ATM baseline (2.92) and the sub-sampled
variant (1.24). This suggests that the ne-grained, pixel-
level dynamics captured by dense optical ow are essential
for precise robotic manipulation, whereas sparse represen-
tations fail to capture the complete motion context required
for complex tasks.

Ablations on Motion Forecast Conditioning: We inves-
tigate the usefulness of motion forecasting as opposed to
generic visual representations for our downstream robot
Figure A.1. OF / downstream: Lower end-point-error [5] control task in Table A.3. We compare our full framework
(SSv2) in predicted OF in pretraining leads to improved down- against two baselines: one where motion input is entirely
stream robotic performance (AL metric on CALVIN). removed (note that our VLM input is a representation of
both images and text), and another where the motion in-
put is replaced by static visual embeddings from our VAE
model predicts better OF compared to prior work explor- encoder. The results are decisive; the policy fails almost en-
ing language driven OF prediction [69, 99] as well as video tjrely without motion input (0.02) and shows only marginal
diffusion networks adapted to predict OF (SVD [11] and jmprovement when provided with the static visual features
CogVideoX [101]). We also explore a naive baseline of us- (9 52). In contrast, conditioning on our predicted future op-
ing off-the-shelf CogVideoX model (for RGB future frame  tjcal ow embeddings yields a score of 4.39. This con rms
prediction), and calculating OF from the prediction RGB that the predicted optical ow provides unique, critical dy-

frames. Our proposed FOFPred framework outperforms all namic information that static visual representations cannot
of these baselines. substitute.

We also use different checkpoints of our FOFPred model _ . :
from earlier steps of our training process (i.e. later check- Video Generation Uppe_r Bound: WG:‘ explore a .pOSS'bIe
points perform better OF prediction) to investigate the cor- Upper bound fqr our video generation results in Table 3
relation between OF prediction quality and downstream which _uses_ophcal ow calculated frgm each grou nq truth
task performance. We illustrate these results in Figure A.l.(_GT), video in the test set=. Results in Table A.4 indicate a
OF prediction error and robotic task performance (AL met- signi cant gap in the upper bound compared to both base-

ric on CALVIN) are plotted. Note the separately scaled axes lines ?ngour(;pefcho?. G“’ef‘ tf?efmulti-mr?_dal Ompgt na(;
and ipped OF error axis, done for simpler visualization. ture 0 prediction from a single irame, tis upper boun

We take this result as indication of a strong correlation be- should be viewed cautiously because the oracle OF (cal-

tween OF prediction quality and downstream robotic task culatgd from GT video) has .the same modg as GT video.
performance. Predicted ows can be plausible or even optimal yet score

lower simply by following a different valid mode.
F. Additional Ablations

We provide two new ablations on using dense optical ow

as our representation and the signi cance of the motion sig-
nal passed into our robot action policy in Table A.2 and Ta-
ble A.3 respectively.

G. Limitations and Future Work

Our FOFPred model currently contains several limitations.
It is sensitive to the text prompt (i.e. slightly different text
prompts could lead to wrong predictions). For example,
changing a text “moving from right to left” ! “moving left”
Dense vs. Sparse Motion: We investigate the impact of results in wrong predictions for some samples. In addition,



Method Motion Avg Len"

Naive Baseline Sparse 1245
ATM Sparse 2.921 47
Ours (default) Dense 4.39

Table A.2. Dense vs. Sparse Motion: We report the average

length metric (Avg Len) on CALVIN benchmark. We demonstrate

the signi cance of our dense motion representation. The rst row

uses a naive sub-sampling of our predicted future optical ows to

obtain motion for points on a uniform 16 16 grid on the image.

This variant uses training and inference identical to ours. The sec-

ond row re-implements the ATM [92] approach with training on Figure A.2. Sensitivity to seed: We visualize 4 FOFPred pre-
our same data but inference similar to the original work. We high- dictions for the same image and prompt, "Moving the bowl

light the clear improvements arising from our proposed method. from left to right", but using 4 different starting noise
vectors for the reverse diffusion process. Notice how the upper-

right corner con ates the object motion with a camera motion in-
Method Motion Input Avg Len" stead; however this camera motion does correspond to the object
motion described in the provided prompt. In the lower left image,

No r.noti.on in!out ! 0.02:.37 in addition to the desired object motion, we again observe a slight
Static visual input 7 0.52 57) amount of corresponding camera motion.
Ours (default) 3 4.39

Table A.3. Motion Input Ablation: We report the average length

_ unexpected camera motion sometimes. While often rele-
metric (Avg Len) on CALVIN benchmark. For our robot control P

extension, we ablate the motion input under two settings. First vant to the prqwdes motlon prompt, th.ls does not explicit
(row 1) we remove the motion input leaving only the state and text capture the object motions that we desire from our model.
goal inputs. Next (row 2) we replace the motion input with an On fast convergence (during reverse diffusion), we note
embedding (from our VAE) of the visual input. Our motion inputs how our model is not distilled or trained speci cally for this
in the form of future optical ow clearly leads to a performance purpose; RGB image generation with identical architecture
improvement. and training pipeline usually requires at least 20 sampling
steps for meaningful generation. We hypothesize that opti-
cal ow is a less complex distribution compared to natural

Method FVD # KVD # LPIPS # _ > a IS : ' _

images (i.e. lies on a lower dimensional manifold and con-
CogVideoX 78.47 12.46 30.3 tains less high frequency information such as textures or
Ours 75.39 11.38 285 patterns): this allows even a single sampling step of reverse
Upper Bound 17.58 1.92 225 diffusion to generate meaningful outputs.

In future work, we plan to explore training data augmen-
tation with automated text-label re-phrasing and model dis-
tillation into light-weight architectures to address our key
limitations. We also aim to further investigate and quantify
the diversity aspect of FOFPred, analyze the fast conver-
gence aspect, and explore possibility of real-time inference.

Table A.4. Upper bound for downstream video generation:
Large gap since upper-bound uses GT videos for OF which has
same mode in the the multi-modal output space.

the current FOFPred is a relatively large model ( 7B pa-
rameters in total) that is expensive to deploy in a real-time
setting and requires considerable compute (at least 24GB oH. Visualizations

GPU) for inference.

On the other hand, our model captures diversity of mo- We rstvisualize predicted optical ow from our base FOF-
tion patterns quite well and generates meaningful future op-Pred for several selected image pairs in Figure A.3. We se-
tical ow in as less as 1 reverse diffusion (i.e. denoising) €ctimage pairs to highlight the language-driven future op-
iteration. Across different seeds for the same frame-captiontical ow generation capability of our FOFPred framework.
pair, our model generates a diverse distribution of mostly  We next visualize some videos generated with our frame-
meaningful future optical ow: we attribute this strength to work for pairs of rst frames and motion-focused cap-
the diffusion based training. In Figure A.2, we explore the tions obtained from the SSv2 dataset. Figure A.4 presents
diversity of our FOFPred base model predictions, highlight- this qualitative comparison between the ground truth (GT)
ing limitations as well. Across different seeds, we notice video, our T2V baseline from CogVideoX [101], and our
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