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Abstract

Motion forecasting is central to visual intelligence: agents must anticipate how objects will move in
order to plan actions, reason about physical interactions, and synthesize realistic futures. We argue
that 3D points in world coordinates provide a general representation that is class-agnostic, view-stable,
compact, and directly useful for downstream tasks. We formalize the task of goal-conditioned 3D point
motion forecasting : given a short visual history, a set of 3D query points on an object of interest,
and a language description of the intended goal, the model predicts the future 3D trajectory of each
point. We introduce a full stack to study this task at scale: (1) MolmoMotion-1M is a large corpus of
action-described, object-grounded 3D point trajectory dataset annotated from 1.16M unconstrained
videos; (2) PointMotionBench is a human-verified benchmark spanning 111 object categories and
61 motion types; and (3) MolmoMotion is a general motion forecasting model that supports both
autoregressive coordinate prediction and flow-matching-based trajectory generation. MolmoMotion
is able to accurately predicts diverse motion patterns with different language instructions, and
significantly outperforms all existing motion prediction baselines on PointMotionBench. Finally, we
show that the learned 3D motion prior transfers well to downstream applications: it improves training
efficiency and generalization for robot manipulation, and its predicted trajectories provide effective
motion guidance for generative models to synthesize videos with more realistic object motion.

1 Introduction
Psychologists like James J. Gibson have long argued that motion is core to perception, hypothesizing that
motion informs an observer how they and other objects move through space, explains object occlusion
and permanence, and identifies affordances [27]. In the 70s, Ullman formalized motion perception as a
computational problem [66], with Lucas and Kanade providing an algorithm for estimating motion to enable
tracking as optical flow [49]. Although such methods have improved [63, 20, 37], they remain primarily focused
on estimating motion that has already occurred. Many real-world applications instead require forecasting
how motion will unfold. In robotics, an agent must anticipate how its actions will move objects through
the scene [25, 7]. In video generation, realistic synthesis requires precise forecasting of the future motion of
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Figure 1 Overview. We introduce the task of goal-conditioned 3D point motion prediction. Given initial 3D query
points on an object, history RGB observations, and a language description of the future action, our model predicts the
future 3D positions of all queried points in a metric world coordinate frame. We show that pretraining this motion
prediction task produces a transferable motion representation for downstream applications, including robotics planning
and video generation.

objects [1, 11].

Building a general motion forecasting model imposes several requirements on the representation used for
motion. First, the representation should be class-agnostic: it should not depend on templates tailored to
humans, hands, rigid objects, or any other fixed categories. Second, it should be view-stable: the same
underlying motion should be represented consistently across different cameras, from static surveillance footage
to egocentric robot videos and moving outdoor platforms. Third, it should expose physical structure in a form
that downstream systems can use directly. Existing approaches of motion prediction only partially satisfy
these requirements. While pixels provide a rich rendering of possible futures [67, 1, 11], they are expensive to
generate and often difficult to utilize directly in downstream applications. Many applications instead require
explicit geometric and physical quantities, such as object pose [78, 68, 13] or particle-level dynamics [44, 60].
Parametric 3D models (for humans [14], hands [8], or rigid objects [61]) are useful for such applications but
remain restricted to specific categories and embodiments. 2D point trajectories are more category-agnostic,
but image-plane coordinates entangle object motion with camera ego-motion and viewpoint change, making
them difficult to disentangle from videos and transfer across domains [7, 64].

We argue that object-attached 3D points in world coordinates provide a suitable representation for general
motion forecasting. A sparse set of surface points moving through 3D space can describe the motion of rigid,
articulated, or deformable objects without assuming a category-specific template. Because 3D points share a
world frame, the same physical motion can remain stable across cameras, viewpoints, and capture settings.
Additionally, many task-relevant quantities can be expressed as the motion of 3D points, from the pose change
of a robot gripper [13] to particle trajectories in physical simulation [44, 60]. Finally, by focusing only on
object-attached points, the prediction target remains compact while still capturing the motion relevant for
physical interaction.

We formalize this idea as the task of goal-conditioned 3D point motion prediction (Fig. 1). Given a short history
of visual observations, a set of initial 3D query points on an object of interest, and a language description of
the intended goal, the model predicts the future 3D trajectory of each query point over time. The language
instruction disambiguates among plausible futures and reduces the search space of possible future states.

We present the full stack needed to study this task at scale: ascalabledatacurationpipeline, anovelprediction
model, and a human-verified benchmark. The first challenge is 3D motion supervision data. Existing video
datasets with 3D capture are small and domain-limited [5, 41, 47], while internet videos provide scale and
diversity but lack 3D annotations. We therefore develop an automatic annotation pipeline for robustly
extracting object-grounded 3D point trajectories from unconstrained videos. Applying this pipeline to roughly
1.16M video clips yields MolmoMotion-1M, the largest corpus of action-described, object-grounded 3D point
trajectories. We additionally introduce PointMotionBench, a benchmark for 3D motion forecasting spanning
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111 object categories and 61 motion types. The benchmark uses ground-truth 3D capture where available and
human-verified 3D tracks otherwise, providing a reliable testbed for evaluating motion prediction.

We introduce MolmoMotion, a general motion prediction model pretrained on the MolmoMotion-1M dataset.
We train two complementary classes of motion prediction models. The first predicts future trajectories
autoregressively as coordinate sequences; the second predicts future motion with flow matching as a continuous
trajectory distribution. Experiments show MolmoMotion accurately forecast diverse motion types and
generalize across a wide range of scenes and instructions, and significantly outperforms all existing motion
prediction methods in PointMotionBench.

Finally, we validate 3D point forecasting as a useful task: MolmoMotion transfers effectively to downstream
applications. Because object trajectories in 3D world space are largely embodiment-agnostic [7, 19], the
motion prior learned from internet-scale human video can transfer naturally to robotics planning. We show
that this prior improves sample efficiency, closed-loop success, and generalization to unseen objects and
scenes in the MolmoSpaces pick-and-place task [40], and adapts efficiently to real-world robot videos from
DROID [38]. MolmoMotion can also guide video generation. When its predicted trajectories are used to
condition a lightweight 3D-track-conditioned image-to-video model [29], the generated videos exhibit more
realistic motion than those produced directly by much larger image-to-video models [67], while also improving
multiple quantitative video-quality metrics.

2 MolmoMotion
We formulate general motion prediction as the task of predicting future 3D trajectories of points attached to
an object of interest, conditioned on an action description. In this section, we formulate the problem (Sec. 2.1)
and introduce our model architecture (Sec. 2.2).

2.1 Problem formulation
We define the model input as follows. At a reference time t0, the model is given N user-specified 2D query
points on an object of interest in the image, {qn

t0 ∈ R2}Nn=1. It is also given the corresponding initial 3D
positions {pn

t0 ∈ R3}Nn=1, expressed in the camera coordinate frame at t0. In practice, these 3D positions can
be obtained by lifting the 2D query points using estimated or measured depth together with known camera
intrinsics. The model also receives a short history of RGB observations, Its:t0 = {Its , . . . , It0}, and a language
description a of the intended action. The goal is to predict the future 3D positions of all query points, over a
horizon of T steps: {{p̂n

t ∈ R3}t0+T
t=t0+1}Nn=1. All future coordinates are expressed in a world coordinate frame

anchored at the camera at time t0. This choice makes the prediction independent of future camera motion.

2.2 MolmoMotion architecture
We implement two classes of trajectory predictors: one with an autoregressive objective and the other with a
flow-matching objective. They share the same input encoding of the RGB observation, action description,
and 2D query-point visual features. They differ in how the initial 3D query coordinates are encoded and how
the future 3D trajectories are decoded (Fig. 2). We study both objectives because they offer complementary
modeling biases: autoregressive decoding conditions each prediction on the previously generated trajectory,
which encourages smooth temporal evolution, while flow-matching models a distribution over future trajectories
and is better suited for capturing motion uncertainty [15].

Input encoding. Predicting object motion from a language instruction first requires grounding the relevant
object in the image and understanding the instruction. We therefore use Molmo2 [17] as the vision-language
backbone for input processing, leveraging its strong object-grounding capability. Given the RGB observation
history Its:t0 , the Molmo2 vision encoder produces image tokens Timg. The action description a is tokenized
into language tokens Ttext. To condition on the query points, we additionally insert one visual point token for
each 2D query coordinate. Let Ft0 be the anchor-frame feature map produced by the vision encoder. For each
query point qn

t0 , we bilinearly sample the anchor-frame feature map Ft0 at its 2D location to obtain a point
feature enpt. These features form the point-token sequence Tpt = {e1pt, . . . , eNpt}. We concatenate the image,
text, and point tokens as C = [Timg, Ttext, Tpt] and process them with the Molmo2 language model component.
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Figure 2 MolmoMotion architecture. The shared input to Molmo2 [17] backbone consists of image tokens of RGB
observations, text tokens of action description, and 2D query point feature tokens sampled from Molmo2 vision encoder.
The autoregressive variant encodes the initial 3D query coordinates and decodes future trajectories as quantized
coordinate text, while the flow-matching variant represents them directly in continuous 3D coordinate space.

For both prediction variants, we represent 3D coordinates relative to the first query point at t0. Let panc = p1
t0

denote this anchor point. For each point n and time t, our models represent 3d point coordinates as
δnt = pn

t − panc. All 3D point coordinates are in metric scale, in units of meter.

Autoregressive objective. The autoregressive variant follows Molmo2’s coordinate representation, encoding
both the initial 3D query coordinates and the future trajectory as structured text. Each anchor-relative
coordinate is discretized into millimeter bins (δ̄nt = round(1000 δnt )) and serialized as timestamped point-
coordinate tuples. Fig. 2 shows an example of the coordinate encoding format. The input prompt contains
the visual-language conditioning C together with the serialized initial query coordinates {δ̄nt0}

N
n=1. The output

is the serialized future trajectory y1:L, generated in temporal order. An example of text pieces encoded and
decoded can be found at Fig. 2. We train the autoregressive model with the standard next-token objective.
At inference time, the model decodes the trajectory string autoregressively and the coordinates are parsed
back into P̂t0+1:t0+T . Since coordinates are emitted in temporal order, each future timestamp is conditioned
on all earlier generated coordinates, giving the model a direct mechanism for modeling temporal dependence
and smooth rollouts.

Flow-matching objective. The flow-matching variant predicts future trajectories in continuous 3D coordinate
space. Following a MolmoBot-style design [18], we use a DiT decoder [55] conditioned on Molmo2 features
from all layers, with lightweight MLPs for coordinate encoding and decoding. We concatenate the clean initial
3D query coordinates with a noised version of the future coordinates and project them into point tokens. We
use RoPE along both the point and time axes to distinguish point identity and timestamp, analogous to the
Multimodal RoPE used in Qwen2.5-VL [62, 4].

The decoder is trained with the standard flow-matching objective [46]. Specifically, we sample Gaussian noise
with the same shape as the future trajectory, linearly interpolate between the noise and the ground-truth
trajectory, and train the decoder to predict the corresponding velocity field from the noised trajectory to the
clean trajectory. At inference time, the model starts from Gaussian noise and integrates the learned velocity
field with 10 Euler steps to obtain the predicted future trajectory.

3 MolmoMotion-1M and PointMotionBench
Existing 3D point-track datasets are small, domain-limited, and often lack object grounding or language
annotations. We therefore build an automatic annotation pipeline that extracts object-grounded 3D point
trajectories from unconstrained videos. Applying it to 1.16M public videos yields MolmoMotion-1M, the
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Figure 3 Overview of data annotation pipeline. Given a video of an action event and its description, we first ground
the moving object and sample query points on it. We then track dense 2D points on the object, lift these tracks into a
shared metric 3D frame, and use object-level spatial and temporal consistency priors to filter unreliable trajectories.
Finally, we clip the video around intervals where the grounded object undergoes meaningful motion.

largest action-described, object-grounded 3D point trajectory dataset. We also introduce PointMotionBench,
a held-out benchmark with verified 3D point trajectories for object-centric 3D motion forecasting.

3.1 MolmoMotion-1M Annotation
We start with public video datasets that provide action descriptions or task captions [31, 56, 59, 36]. Our
goal is to localize the described object, select query points, and track them in 3D world coordinates. The
pipeline consists of five stages, shown in Fig. 3: semantic object grounding, temporal point correspondence,
metric 3D lifting, trajectory-level filtering, and video-level clipping.

Semantic object grounding. Given an action description a, we use an LLM [70] to extract the manipulated or
moving entity as a short object phrase. Instead of prompting SAM3 [12] to directly produce an object mask
from this phrase, we first use MolmoPoint [16] to localize the entity as a 2D point in the reference frame t0.
We find MolmoPoint more reliable for vague phrases like “an object on top of the table,” because the prompt
can specify the object by its action, e.g., the object being moved, rather than by appearance alone. We then
use the point prompt with SAM3 to obtain the object mask Mt0 , and sample N query points {qn

t0}
N
n=1 inside

Mt0 using K-means cluster centers.

2D point tracking andmetric 3D lifting. We next establish point correspondence across frames by tracking the
query points through the video. We run AllTracker [30] to obtain temporally persistent 2D tracks {qn

t }Lt=1

and visibility masks {mn
t }Lt=1. To lift these tracks into 3D, we run ViPE [33] on the monocular video to

estimate per-frame metric depth and camera geometry. We empirically find that this paradigm produces more
accurate 3D trajectories than current end-to-end 3D point trackers such as SpatialTrackerV2 [69]. ViPE also
provides metric scale output, allowing the resulting trajectories to be expressed in physical 3D units rather
than a arbitrary relative scale. Using the estimated depth, intrinsics, and camera poses, we back-project each
visible 2D track point into a world frame anchored at the first-frame camera, producing metric 3D tracks
{p̃n

t ∈ R3}Lt=1.

Trajectory-level filtering and smoothing. We empirically find that some lifted trajectories can be corrupted
by 2D tracking drift, depth noise, and camera estimation errors. We therefore both filter outlier tracks
and smooth remaining tracks using the object-level prior that sampled points should move coherently as
parts of the same physical entity. We remove tracks with consistently low trust using a MAD-based outlier
criterion [42]. For retained tracks, we follow the smoothing algorithm in Stereo4D [36] to smooth their depth
value along each camera ray. More details can be found in Appendix B.4. This removes high-frequency depth
jitter in annotated 3D tracks.

Video-level clipping. Event-level video clips often contain long static intervals before or after the described
motion, which provide little supervision for learning dynamics. We therefore re-clip videos around intervals
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(a) MolmoMotion-1M (pretrain).
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(b) Pretrain + downstream.
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(c) PointMotionBench.

Figure 4 Action-verb diversity. Distribution of the most frequent motion verbs across the pretraining corpus
(MolmoMotion-1M), the full training corpus that additionally includes the MolmoSpaces and DROID downstream-
finetune data, and the PointMotionBench evaluation set. Bars are log-scaled.
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(c) PointMotionBench.

Figure 5 Manipulated-object diversity. Distribution of the most frequent manipulated objects per cohort. Generic
placeholder tokens (object, hand, person) are excluded. Bars are log-scaled.

where the grounded object actually moves. Given the filtered 3D trajectories, we compute a per-frame object
motion score st as the median 3D displacement of valid object points: st = mediann

∥∥pn
t − pn

t−1

∥∥
2
. We

threshold st to obtain contiguous segments with non-trivial object motion. This step also automatically
removes static videos.

Pretraining corpus statistics. Our videos span human manipulation, hand-object interaction, and in-the-wild
scenarios. The largest portion comes from human-object manipulation datasets: EgoDex [31], HD-EPIC [56],
and Xperience-10M [59] together contribute the bulk of egocentric and third-person manipulation clips; we
additionally include YT-VIS [71] and Stereo4D [36] clips, which broaden coverage to outdoor scenes and
deformable objects like animals.

After filtering and segmentation, the pipeline produces approximately 1M clips with motion (per-corpus
counts in Tab. 3). The corpus spans 736 unique action verbs and 5,692 unique manipulated objects. Clips are
short by construction: median clip length is 0.8–1.1 s on the manipulation corpora and 1.7 s on Stereo4D,
where third-person walking subjects yield longer motion windows. Median per-clip 3D displacement ranges
from 7–9 cm on the manipulation corpora to 51 cm on Stereo4D, reflecting the difference between tabletop
manipulation and walking subjects. After filtering, each clip retains a median of 88 query points (range
60–100). Fig. 4 and Fig. 5 show the per-cohort distributions of motion verbs and manipulated objects
across the pretraining corpus (MolmoMotion-1M), and the full training corpus that additionally includes the
MolmoSpaces and DROID data used for downstream robot finetuning.

3.2 PointMotionBench
We also introduce PointMotionBench, a held-out benchmark for evaluating object-centric 3D motion forecasting.
Unlike the pretraining corpus, which starts from videos with action descriptions, PointMotionBench repurposes
datasets with ground-truth 3D capture to ensure annotation accuracy. For HOT3D [5] and WorldTrack [24], we
extract 3D point trajectories directly from the provided 3D object mesh or points, ground the foreground points
to objects, and annotate action descriptions, with all annotations verified by humans (details in Appendix C).
Since HOT3D and WorldTrack mainly cover indoor manipulation and egocentric hand-object interaction, we
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Paradigm Model Inputs HOT3D [5] WorldTrack [24] DAVIS [57]

Frames Text ADE↓ FDE↓ PWT↑ ADE↓ FDE↓ PWT↑ ADE↓ FDE↓ PWT↑

Non-
parametric

Static 1 ✗ 0.180 0.316 0.293 0.167 0.317 0.390 2.281 4.360 0.085

Extrapolate 3 ✗ 0.159 0.309 0.351 0.184 0.432 0.436 2.683 5.741 0.104

Pixel-space
Wan2.2-5B [67] 1 ✓ 0.200 0.308 0.253 0.852 1.046 0.090 3.074 5.192 0.051

Cosmos Predict [1] 5 ✓ 0.225 0.294 0.199 0.831 0.988 0.072 4.191 6.368 0.033

3D model
ObjectForesight [61] 3 ✗ 0.129 0.192 0.353 – – – – – –
EgoScaler [75] 1 ✓ 0.170 0.179 0.218 – – – – – –
Robot4DGen [48] 3 ✗ 0.212 0.271 0.112 0.548 0.704 0.121 2.120 3.382 0.081

2D track Track2Act [7] 1 ✗ 0.294 0.413 0.202 1.230 1.567 0.053 4.853 8.110 0.018

3D track
(Ours)

MolmoMotion-FM 1 ✓ 0.183 0.311 0.286 0.165 0.305 0.401 1.380 2.205 0.165

MolmoMotion-FM 3 ✓ 0.135 0.255 0.382 0.158 0.295 0.438 1.480 2.520 0.130

MolmoMotion-AR 1 ✓ 0.157 0.290 0.303 0.148 0.269 0.424 1.146 1.843 0.199

MolmoMotion-AR 3 ✓ 0.109 0.217 0.444 0.143 0.261 0.445 1.227 2.108 0.153

Table 1 3D point trajectory prediction on PointMotionBench. We report 3D ADE, FDE, and average PWT
in meters. Input columns indicate the number of past observations consumed and whether the model accepts a
natural-language action description. MolmoMotion-AR denotes our autoregressive variant, while MolmoMotion-FM
denotes the flow-matching variant.

further include DAVIS [57] to cover outdoor dynamic scenes; for this split, we run our annotation pipeline
and manually verify the correctness of each resulting trajectory. In total, the benchmark contains 742 clips
spanning 111 object categories and 61 action/motion types. Fig. 4(c) and Fig. 5(c) show the per-cohort
distributions of motion verbs and manipulated objects across PointMotionBench.

4 Experiments
This section evaluates MolmoMotion on 3D point trajectory prediction (Sec. 4.1) and on two downstream
transfer tasks: robotic planning (Sec. 4.2) and trajectory-guided video generation (Sec. 4.3). Model ablations
are presented in Appendix E.

4.1 3D pointmotion forecasting
We first evaluate MolmoMotion and existing motion prediction methods on the 3D point trajectory prediction
task in PointMotionBench.

MolmoMotion implementation. MolmoMotion uses the pretrained 4B Molmo2 [17] as its VLM backbone.
Training proceeds in two stages. In the first stage, we randomly sample a start timestamp t0 from each
video clip and sample N = 8 query points from one object. The model is supervised to predict T = 8 future
timestamps at 15 fps, giving 64 future 3D point targets per example. We train with history length H = 3 in
the first stage, providing a short visual history before t0. This stage runs for 40K steps. In the second stage,
we continue training for 10K steps while increasing the prediction horizon to T = 32. In this stage we train
two varients of models, with H = 3 and H = 1 respectively, to support both short visual history and single
frame history settings.

Baselines. Baselines fall into four families. Non-parametric baselines include Static, which keeps each point
fixed at its initial 3D position, and Extrapolate, which estimates a constant velocity from the history frames and
linearly extrapolates into the future. Pixel-spacemethods first generate future RGB video and then recover
query-point trajectories using the 3D tracking pipeline from Sec. 3.1; we compare against Wan2.2-I2V-5B [67]
and Cosmos-Predict-2.5 [1]. Parametric 3D predictionmethods predict an intermediate 3D representation; we
include methods whose output can be converted to 3D point motion. ObjectForesight [61] and EgoScaler [75]
forecast future 6-DoF object poses under a rigid-object assumption, and we use their predicted pose sequence
to transform all query points. Robot4DGen predicts future scene flow [48], from which we extract query point
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Prediction GT

“roll a lint roller on a blue cloth” “a flamingo dips its beak into the water while walking to the right”

“put yellow toy in blue bowl” “a silver car follows the road and slowly turns to the right”

“move and rotate wooden bowl with fruits on the table” “slide the black keyboard toward the person”

Figure 6 Qualitative MolmoMotion prediction. MolmoMotion predicts accurate motion trajectories on diverse
motion patterns with different action instructions.

trajectories. 2D point-trackmethods predict future image-plane trajectories; we evaluate Track2Act by lifting
its predicted 2D tracks to 3D using ground-truth depth [7]. Note that PointWorld [34] and MotionForcast [64]
are also closely related works, but their models have not yet been released.

Evaluation setting andmetrics. We evaluate all methods in PointMotionBench. Each method predicts future
motion for up to 2 seconds at 15 fps; if the ground truth clip has a shorter valid future horizon, we evaluate only
on the available frames. Since baselines vary in the number of input frames H and whether they accept text
condition, we follow each baseline’s native setting where applicable. Following prior work [64], we use best-of-5
evaluation for each sample. We follow the point-track forecasting metrics used in [64], adapted from 2D pixel
distance to 3D metric distance. In our setting, one unit corresponds to one meter in 3D world coordinates.
ADE measures the mean displacement error across all visible query points and predicted timesteps, while
FDE measures the final-timestep displacement error. PWT is the average fraction of predicted points within
{0.01, 0.02, 0.05, 0.10, 0.20} meters of the ground truth.

Results. Tab. 1 shows the quantitative results. Note that ObjectForesight [61] and EgoScaler [75] are evaluated
only on the HOT3D subset because they require object mesh inputs, which are available only for HOT3D.
MolmoMotion outperforms prior methods by a large margin in almost all subsets of PointMotionBench, with
the autoregressive variant achieving the strongest overall performance. The autoregressive model performs
better than the flow-matching model under deterministic trajectory metrics, likely because conditioning
on the previously generated coordinate sequence encourages temporally smooth predictions. Using three
RGB observation frames generally improves over the single-frame setting, as additional history provides
velocity cues for future motion. A notable finding is that simple non-parametric baselines are competitive
with, or stronger than, several learned baselines, including pixel-space video prediction methods, suggesting
that visually plausible RGB futures do not necessarily recover accurate metric point motion. We also show
qualitative examples in Fig. 6, where MolmoMotion accurately predicts 3D motion trajectories across diverse
motion patterns and language instructions.

4.2 MolmoMotion transfers effectively to robotics planning
The representation learned by MolmoMotion is well-suited for robotics planning. The intuition is that object
motion in 3D is more transferable than embodiment-specific actions. A human hand and a robot gripper
execute differently, but successful manipulation often produces similar object trajectories in 3D space.

We use the pick-and-place task as a controlled transfer setting, focusing on the post-grasp stage where the
policy must lift, transport and place the object at the correct target. We train two MolmoBot policies [18]
with the same flow-matching action head and 20K released episodes, differing only in backbone initialization:
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Figure 7 MolmoMotion transfers effectively to robotics planning. (a) Task success rate on the MolmoSpaces
Franka Pick-and-place benchmark over robot-finetuning steps (left) and the final step per split breakdown (right)
across SS (seen scene, seen object), SU (seen scene, unseen object), US (unseen scene, seen object), and All. (b)
Test L2 error of predicted 3D trajectories on held-out DROID clips. In both settings, initializing from MolmoMotion
substantially outperforms the baseline.

“put a toy into a bowl”  “put brick in drawer shelf” “move white object into container” “hang the cloth” 

Figure 8 MolmoMotion trajectory prediction on real-world scenarios. Predicted future 3D object trajectories on a
held-out scenario after finetuning MolmoMotion on DROID videos. MolmoMotion can plan accurate object trajectories
for various robotic manipulation tasks.

Molmo2 pretrained weights vs. MolmoMotion-AR. During evaluation, the original MolmoBot policy performs
grasping, after which control is handed to our trained policy. On FrankaPickandPlaceDroidMiniBench in
MolmoSpaces [40], we report closed-loop success across seen/unseen scene and object splits. As shown in
Fig. 7a, MolmoMotion initialization substantially improves training efficiency and final performance: success
reaches 51% at 10K steps vs. 19% for Molmo2, and final average success increases from 56.0% to 76.3%. The
smaller drop in unseen-object and unseen-scene splits further suggests MolmoMotion improves downstream
generalization.

We further evaluate whether the MolmoMotion can be adapted to real-world robot scenarios. We finetune
MolmoMotion on DROID single-camera videos [38] using the same 3D object point trajectory prediction
task. Fig. 8 shows qualitative examples of object trajectory planned by MolmoMotion across different scenes,
objects, and tasks in DROID held out videos. We also compare against training the same architecture with
Molmo2 initialization. As shown in Fig. 7b, MolmoMotion starts with substantially lower trajectory error and
reaches the best performance much quicker. This suggests that the motion prior learned by MolmoMotion
can be efficiently adapted to real-world robot data. We leave closed-loop real-robot evaluation to future work.

4.3 MolmoMotion provides controllablemotion for video generation
A natural question is whether the 3D point trajectories predicted by MolmoMotion can serve as an explicit
motion-control signal for downstream video generation. Given an input image and action description, we first
obtain query points on the manipulated object and estimate their initial 3D positions using the pipeline in
Sec. 3.1. MolmoMotion then predicts their future 3D trajectories, which we use to guide DaS [29], a 3D point-
trajectory-guided image-to-video model built on CogVideoX-5B [73]. We compare against caption-conditioned
image-to-video generators without explicit motion guidance, including DaS’s base model CogVideoX-5B and
the larger Wan2.2-I2V-A14B [67]. As shown in Tab. 2, DaS+MolmoMotion improves over CogVideoX-5B on
all metrics and outperforms Wan2.2-I2V-A14B on four out of five metrics. Qualitatively (Fig. 9), it produces
more physically plausible object motion, especially for fine-grained manipulation. It also follows the prompted
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Figure 9 Qualitative Video Generation Comparison. MolmoMotion-guided videos exhibit more physically plausible
object motion and follow the prompted action more faithfully.

Method Tem-Con Subj-Cons M-Smooth Dyn-Deg Bg-Cons

CogVideoX-5B [73] 0.964 0.939 0.988 0.861 0.941
Wan-14B [67] 0.965 0.940 0.983 0.908 0.947
DaS [29]+MolmoMotion 0.968 0.950 0.990 0.876 0.948

Table 2 Video generation quality on PointMotionBench videos. We report metrics in VBench [35] that evaluates
motion: temporal consistency, subject consistency, motion smoothness, dynamic degree, and background consistency.

action more faithfully. These results suggest that MolmoMotion predicts 3D trajectories that can serve as an
effective control interface for downstream video generation.

5 Relatedwork
Motion predictionmodels. Motion prediction models differ mainly in the representation they forecast. Pixel-
space methods cast prediction as conditional video generation, from latent-action world models [52, 32] to
recent large-scale video generators [11, 1, 67]; these models are general but spend substantial capacity rendering
appearance, lighting, and camera motion. Latent prediction methods forecast learned feature states [77, 2],
avoiding pixels but producing encoder-tied representations that are difficult to use as physical quantities.
Recent point-trajectory forecasting methods predict category-agnostic motion directly [7, 64], but operate in
2D image space, where object motion is entangled with camera motion and viewpoint change. 3D forecasting
methods predict physically grounded states such as human motion [50], rigid-object pose [75, 61], or scene-level
3D motion [34], but are often tied to specific object categories or domains. We predict object-attached 3D
point trajectories in world coordinates, yielding a category-agnostic and physically grounded representation.

3Dpoint tracking. Our data annotation pipeline builds on recent advances in 3D point tracking from monocular
video. 2D point trackers estimate temporally persistent pixel locations for queried points [20, 21], with recent
models improving long-range tracking [22], occlusion reasoning [37], and dense correspondence over entire
videos [30]. Recent monocular reconstruction methods lift image observations into 3D by estimating camera
motion and per-frame depth, enabling pixel tracks to be lifted to 3D [33, 45]. There are also direct 3D point
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trackers that track points in 3D space [69, 24, 76]. Together, these methods have made it increasingly feasible
to recover 3D motion from ordinary RGB videos, though the focus is on tracking observed frames rather than
forecasting future motion.

Human-to-robot transfer. Prior work transfers non-robot video to robot control through different abstractions.
Some methods re-target human hands, endpoints, or skill trajectories as planning scaffolds [3, 13, 23, 78, 6, 43].
Others train generalist vision-language-action policies on cross-embodiment robot data [10, 54, 53, 39, 9],
sometimes with human video, but still predict embodiment-specific actions. Closest to ours are methods that
learn motion priors or controls from unlabeled video through latent actions or inverse dynamics [51, 28, 26,
74, 72]. In contrast, we use 3D world-frame object point trajectories as the pretraining target itself, yielding a
motion prior that is both embodiment-agnostic and directly usable for downstream robot learning.

6 Limitations
MolmoMotion requires multiple forward passes to predict dense point tracks on an object, since pretraining
uses only 8 query points per example due to Molmo2 context length limit in stage 2 training. This sparse point
setting is not sufficient to densely represent object geometry, limiting the model’s understanding of fine-grained
structure and complex deformable motion. In addition, more downstream evaluations are needed to fully
establish the effectiveness of this motion pretraining task, such as closed-loop real-world robot experiments.

7 Conclusions
We introduce MolmoMotion, a language-guided motion predictor that forecasts future trajectories of object-
attached points in a 3D world frame. We built MolmoMotion-1M for pretraining and PointMotionBench for
3D motion evaluation. Experiments show that MolmoMotion significantly outperforms prior motion prediction
methods and transfers to robot manipulation and video generation.
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A Qualitative examples
We provide additional qualitative results for two downstream applications of MolmoMotion: real-robot
trajectory prediction on DROID, and trajectory-conditioned video generation.

Real-robot trajectory prediction on DROID. Fig. 10 shows MolmoMotion’s predicted future 3D trajectories on
held-out DROID clips after finetuning on real-robot video. MolmoMotion plans accurate point trajectories
across diverse manipulation scenes, objects, and tasks.

Trajectory-conditionedvideogeneration. Fig. 11 and Fig. 12 compare videos generated by DaS [29] conditioned
on MolmoMotion-predicted 3D trajectories with the unconditioned CogVideoX-5B and Wan-14B baselines on
held-out PointMotionBench prompts. MolmoMotion-guided videos exhibit more physically plausible object
motion, preserve manipulated-object identity better, and follow the prompted action more faithfully than the
unconditioned baselines.

Together these examples illustrate that MolmoMotion’s 3D trajectories transfer to real-world robot data and
serve as an effective control signal for downstream video generation, complementing the quantitative results
in the main paper.

B MolmoMotion-1MData Generation Details
This appendix expands the annotation pipeline summarized in Sec. 3.1. Given a public video and its caption,
the pipeline recovers an object phrase that names the moving object, grounds the phrase to a set of query
points on the object, and lifts those points into a metric 3D world frame. We describe the source corpora
(§B.1), recaptioning and object-name extraction (§B.2), object grounding and 3D lifting (§B.3), and trajectory
filtering and smoothing (§B.4).

B.1 Source video corpora
MolmoMotion-1M aggregates seven source corpora (Tab. 3) that together cover egocentric and third-person
human manipulation, simulated and robot manipulation, and in-the-wild scenes. The five manipulation
corpora ship with action descriptions or task templates, which we use directly. YT-VIS supplies object masks
but no captions, so we re-caption each clip from the video. Stereo4D contributes short third-person clips with
metric stereo depth, expanding coverage to outdoor scenes and deformable subjects.

Corpus Motion clips Domain Action-description source

EgoDex ∼160K egocentric, human VLM re-caption
HD-EPIC ∼21K egocentric, human narrations
Xperience ∼500K 3rd-person, human metadata
MolmoSpaces ∼185K 3rd-person, sim task templates
DROID ∼27K 3rd-person, robot language instructions
YT-VIS ∼2K 3rd-person, wild VLM caption
Stereo4D ∼70K 3rd-person, wild paper captions

Table 3 Source corpora used to construct MolmoMotion-1M.

B.2 Recaptioning and object name extraction
For corpora that do not ship object-level captions (EgoDex, where the original task labels are too coarse
to ground a specific entity, and YT-VIS), we generate a one-sentence visual description of each clip with
Molmo2-8B [17]. The full 15 FPS re-encoded video is passed to Molmo2-8B. The prompt is:

Watch this video carefully. Describe the manipulation action you
observe in exactly this format: [action verb] [specific object with
color/material/shape] [preposition and location if present].
Examples: "pick up red ceramic coffee mug", "place blue plastic

18



bottle on table". Be specific about the object -- include its color,
material, and shape as you see them.
Output only the short description, no extra words.

Then we extract the manipulated object as a noun phrase with Qwen3-0.6B [70].

B.3 Semantic grounding and 3D lifting
Given an object phrase, we localize the entity, segment it, sample query points, track those points across the
video, and lift the tracks to a metric 3D world frame.

Localizationwithmotion-awareprompting. We first localize the object as a 2D point with MolmoPoint-8B [16],
and then convert that point into a segmentation mask with SAM3 [12]. The non-trivial choice here is the
prompt given to MolmoPoint. Conditioning the prompt on the agent and the action, we give the model the
following prompt: "point to the {obj} gripped and picked up by the hand" for human-manipulation corpora,
and "track the {obj}" for in-the-wild video. This is substantially more reliable than a bare "point to the {obj}"
prompt. The motion cue disambiguates vague phrases like "an object on the table" by biasing MolmoPoint
toward the moving entity rather than a static distractor that matches the phrase equally well.

Point prompt for SAM3. We feed the 2D point returned by MolmoPoint to SAM 3. We then sample N = 100
query points per mask using K-means cluster centers on the mask pixel coordinates, so points are spread
across the object surface rather than concentrated near the centroid.

2D tracking and lifting. We propagate query points through the video with AllTracker [30], which yields
temporally persistent 2D tracks and per-frame visibility scores. We run ViPE [33] on the same video to
estimate per-frame metric depth, intrinsics, and camera-to-world poses in a single pass. Each visible 2D track
location is back-projected with the estimated depth and intrinsics, then transformed by the corresponding
camera pose into the world frame anchored at the query-time camera.

B.4 Trajectory filtering and smoothing
Lifted 3D trajectories are corrupted by noise. We make this prior precise as follows.

Anchor tracks and inconsistency score. We select a small set of anchor tracks A per object (sixteen in our
pipeline) that are visible throughout the clip and have low per-frame velocity, taking these as the most reliable
estimate of the object’s body motion. For every other track n we measure how its distance to each anchor
varies over time:

en(t) = mediank∈A
∣∣ ∥p̃n

t − p̃k
t ∥2 − d̄nk

∣∣, d̄nk = mediant ∥p̃n
t − p̃k

t ∥2. (1)

A rigid or near-rigid object keeps its inter-point distances roughly constant, so en(t) is large precisely at
frames where track n has drifted in 2D, had its depth pulled to the background, or been displaced by a pose
error.

Trust weights and the choice of scale. We convert the inconsistency score into a per-frame trust weight
wt,n = exp

(
−en(t)/sn

)
with a per-track scale sn. We use sn = mediant(en), which behaves well under uniform

noise while still suppressing per-frame outliers within a track.

Spatial auto-split. A single object phrase sometimes resolves to two physically separate instances, and mixing
tracks across instances violates the rigid-object assumption behind en(t). We therefore cluster points by
their temporal-mean 3D position with mean-shift and run anchor selection, trust scoring, and smoothing
independently per sub-cluster.

Track-level outlier drop. Within each sub-cluster, we drop tracks whose mean trust w̄n is a MAD-scaled
z-score below the sub-cluster median.

Depth-ray smoothing. Surviving tracks are still noisy along the depth axis. Following Stereo4D [36], we
re-parametrize the 3D point at frame t as pn

t = ct + λn
t r

n
t , where ct is the camera center and rnt is the unit
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ray through the 2D track location, and we optimize the depth scalars {λn
t } with two competing objectives:

min
{λn

t }

∑
t,n

w 2
t,n

∥∥ ct + λn
t r

n
t − p̃n

t

∥∥2
2︸ ︷︷ ︸

trust-weighted pin to lifted point

+ β
∑
n

∑
∆∈{1,3,5}

∑
t

∥∥pn
t+∆ − 2pn

t + pn
t−∆

∥∥2
2︸ ︷︷ ︸

multi-stride acceleration penalty

. (2)

The pin term is gated by the trust weights, so untrusted frames are free to slide along the ray while trusted
frames remain anchored; the acceleration term enforces smooth motion in 3D. Two design choices are worth
explaining. First, the acceleration term is summed over multiple strides ∆ ∈ {1, 3, 5} rather than only
∆ = 1. A single-stride second difference penalizes only sharp single-frame jitter, but our depth errors include
slow ramps over five to ten frames (e.g. when ViPE depth gradually bleeds onto a textureless background);
penalizing acceleration at ∆ = 3 and ∆ = 5 in addition to ∆ = 1 catches these slower drifts. Second, we
optimize with first-order gradient descent rather than LBFGS. LBFGS converges faster on well-behaved tracks
but diverges on near-degenerate tracks, so the more conservative optimizer is the safer default at corpus scale.

C PointMotionBench
PointMotionBench evaluates object-centric 3D motion forecasting across three diverse datasets; Tab. 4
summarizes the per-source clip counts, resolutions, and frame rates. The following sections detail the data
preparation pipelines and evaluation protocol (including metric definitions).

Dataset Clips Resolution FPS

HOT3D 497 1408× 1408 30
WorldTrack 155 split-dependent† 30
DAVIS 90 854× 480 24

Table 4 Source datasets used to construct PointMotionBench. †adt_mini 512× 512; ds_mini 1280× 720; po_mini
960× 540; pstudio_mini 640× 360.

Exclusions. We exclude 10 HOT3D clips that contain no ground-truth-visible query points at frame 0
(AllTracker crashes at initialization with an empty point set). For WorldTrack, we exclude the tum split
entirely (no 3D tracks shipped) and the 27 po_mini dancingroom1_3rd* sequences that exhibit cluttered
motion patterns. No DAVIS sequences are excluded. The same exclusion lists apply across all three baselines
so that comparisons are always over identical clip sets, leaving 497 HOT3D, 155 WorldTrack, and 90 DAVIS
clips.

Human verification. For HOT3D and WorldTrack, we view each clip alongside the annotated trajectories
and confirm that (i) the foreground object is correctly identified and (ii) the one-sentence model-generated
description accurately reflects the observed motion and action; clips that fail are re-annotated or excluded.
For DAVIS, we directly wrote the descriptions during trajectory review rather than reviewing model-generated
captions.

Contamination check. PointMotionBench contains no clip-level near-duplicates with the training data of
the evaluated models. All per-clip captions are either written directly by human annotators or generated by
Molmo2-8B and subsequently verified by annotators, ensuring no captions are sourced from existing dataset
metadata that evaluated models may have been trained on.

C.1 HOT3D
HOT3D [5] Aria provides 1,415 source clips with per-frame 3D object pose annotations as fitted mesh models.
We sample 2,000 surface points per object at its first active frame and propagate them forward with per-frame
pose transforms, yielding world-space trajectories and their corresponding pixel-space projections.

Each source clip typically contains one or two manipulated objects alongside several static ones. We split
every clip into single-moving-object sub-clips by detecting per-object motion windows: for each object, we
threshold a per-frame body-speed signal (median surface-point displacement) at 0.005m/frame (≈15 cm/s at
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30 fps), bridge single-frame gaps, and drop runs shorter than 0.5 s. This yields 2,534 sub-clips, each covering
exactly one continuously moving foreground object. We then uniformly subsample one sub-clip per group of
five (random selection within the group), yielding 507 clips; the 10 with no ground-truth-visible query points
at frame 0 are excluded, leaving 497.

C.2 WorldTrack
WorldTrack [24] bundles four indoor motion-capture splits mixing egocentric and third-person viewpoints:
adt_mini, ds_mini, po_mini, and pstudio_mini (resolutions listed in Tab. 4). Unlike HOT3D, source point
tracks are not pre-assigned to objects. We augment the raw data through a four-step pipeline: (1) identify
dynamic foreground points, (2) cluster them into per-object groups, (3) segment sequences into motion-coherent
sub-clips, and (4) generate a one-sentence caption per clip.

Dataset Filter type Window(s) Threshold

adt_mini per-frame 3, 5 fr 0.25%
po_mini global — 1.0%
pstudio_mini global+per-fr 3, 15 fr 1.0%
ds_mini per-frame 10 fr 0.75%

Table 5 Per-dataset motion-filter settings for dynamic point extraction of WorldTrack data.

Dynamic point extraction. We lift camera-space tracks into a shared world coordinate frame using per-frame
extrinsics; for pstudio_mini (fixed camera), camera-space coordinates serve directly as world-space. A point
is classified as dynamic if its world-space displacement over a look-back window exceeds a scene-normalized
threshold (a per-dataset fraction of the scene’s 1st-to-99th percentile spatial extent; see Tab. 5). Masks from
multiple window lengths are OR-ed together, and each active segment is extended backward to capture motion
onset.

Object clustering. We cluster the dynamic points into per-object groups in two stages.

Stage 1 --- Temporal clustering (Leiden [65]). We build a pairwise affinity graph over the dynamic points. For
each pair (i, j), let Tco be the set of co-visible frames and vi(t) the unit-normalized frame-to-frame velocity of
point i at frame t, with zero-velocity frames contributing 0. The affinity is

W (i, j) =
1

|Tco|
∑

t∈Tco

⟨vi(t), vj(t)⟩.

Pairs with no co-visible support or below a similarity threshold are zeroed out. Additionally, any pair whose
3D world-space distance exceeds a fixed fraction of scene extent at any sampled keyframe is forced apart—a
single violating frame is conclusive evidence of distinct objects, since rigid-body points cannot drift far apart in
3D. We run Leiden community detection on the resulting graph and iteratively merge undersized clusters into
their most temporally similar neighbor. Per-dataset minimum cluster sizes are 1 (adt_mini, pstudio_mini),
3 (ds_mini), and 5 (po_mini), set by visual inspection.

Stage2 ---Segmentationmerging (SAM2[58]). Temporal clustering occasionally splits a single physical object
across multiple clusters. For each cluster, we designate a representative point and sample three keyframes
evenly across its active window, then query SAM 2. Two clusters are merged only when their representatives
are spatially proximate and co-occur within the same SAM 2 mask in at least one keyframe without ever
appearing in separate masks. The criterion is intentionally conservative: a single frame of visible separation
blocks the merge, since merging distinct objects corrupts ground truth irreversibly.

Sub-clip extraction and captioning. We group objects with overlapping active spans, bridge gaps of fewer
than three frames, split on longer gaps, and merge sub-clips shorter than 2 s into their nearest neighbor. Each
sub-clip is captioned by Molmo2-8B [17], prompted to produce a one-sentence egocentric description (e.g. “a
hand moves a keyboard across the desk”); captions are subsequently verified by human annotators.
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C.3 DAVIS
DAVIS [57] provides RGB frames and per-object segmentation masks but no 3D ground truth. We generate
3D trajectories by running the MolmoMotion-1M annotation pipeline, seeding query points from the DAVIS
masks and lifting them through ViPE depth and camera pose estimation. We verify the resulting tracks and
write the per-clip action descriptions directly during trajectory review.

C.4 Evaluation Protocol
Conditioning and future split. All metrics are computed on future frames only. With Tcond ∈ {1, 3}, the model
observes frames 0, . . . , Tcond − 1 and predicts frames Tcond, . . . , T − 1. Scoring is restricted to points visible at
frame 0, as these are the only query positions supplied to the model. The evaluation mask is

veval[t, n] = v[t, n] ∧ v[0, n],

applied before every metric. Let S = {(t, n) : t ≥ Tcond, veval[t, n] = 1} be the set of scored (frame, point)
pairs, and let Neval =

∑
n v[0, n] be the per-clip count of evaluated points.

Temporal alignment. HOT3D and WorldTrack ground truth tracks are at 30 fps, and DAVIS ground truth
tracks are at 24 fps; Wan2.2 and Cosmos predictions are at 24 fps. For HOT3D and Worldtrack, we
resample these predictions to the ground truth timebase by linearly interpolating positions at source time
tsrc = 0.8 tgt and nearest-neighbor-resampling visibility; only the min(Tgt, Tresampled) overlapping frames are
scored. Track2Act outputs exactly 8 frames at ground truth indices round(i (T − 1)/7) for i = 0, . . . , 7; we
match ground truth frames at the same indices directly, with no interpolation.

Metrics. All metrics are computed in 3D world space. Let p̂(t, n) and q(t, n) denote the predicted and
ground-truth positions of query point n at frame t (in metres; 1 unit = 1m throughout).

ADE (Average Displacement Error):

ADE =
1

|S|
∑

(t,n)∈S

∥p̂(t, n)− q(t, n)∥2

FDE (Final Displacement Error), evaluated at the last frame T − 1:

FDE =
1

|ST |
∑

n∈ST

∥p̂(T − 1, n)− q(T − 1, n)∥2, ST = {n : veval[T − 1, n] = 1}.

PWT (Percentage Within Threshold) at threshold δ:

PWT(δ) =

∣∣{(t, n) ∈ S : ∥p̂(t, n)− q(t, n)∥2 < δ}
∣∣

|S|

We report PWT, the mean of PWT(δ) over δ ∈ {0.01, 0.02, 0.05, 0.10, 0.20}m. ADE and FDE are in meters
(lower is better); PWT ∈ [0, 1] (higher is better).

D Model Implementation Details
We expand the architecture and training recipe here.

D.1 Architecture
Vision-languagebackbone We initialize from the public Molmo2-4B-Pretrain checkpoint. The vision encoder
is a SigLIP2 ViT operating on 378×378 RGB inputs at 14-pixel patch size, producing a 27×27 grid of 1152-D
patch tokens per frame. The Molmo2 connector pools the patch grid by 3×3 and projects the pooled tokens
through an MLP into the LLM hidden dimension of 2560. The language model is Qwen3-4B. All backbone
parameters are trained end-to-end.
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Decoder heads The autoregressive variant uses the unmodified Molmo2 LM head plus a small regex parser
that maps the answer span back to coordinates at inference. The flow-matching variant uses a DiT trajectory
expert with 36 blocks (one per LM layer). Each block applies a self-attention over the trajectory-token
tensor of shape (N,H+T, 3) followed by a cross-attention whose keys and values come from the corresponding
LM-layer hidden states and whose queries come from the trajectory tokens. RoPE is applied along both the
point-index and the frame-index axes so the same self-attention can distinguish “the same point at different
times” from “different points at the same time” without architectural specialization.

D.2 Prompt format
The autoregressive variant serializes everything as a single multimodal prompt. Image tokens for the anchor
frame and the H history frames are inserted by Molmo2’s video preprocessor at the front; the textual portion
follows. With N = 8 and T = 32, an example prompt is

Predict the future 3D point coordinates of 8 points over 32 timestamps,
given action: “open the drawer”,
2d history point features: “<points anchor 1 <2d_feat_start><|point_feat|><2d_feat_end>

2 <2d_feat_start><|point_feat|><2d_feat_end>
... 8 <2d_feat_start><|point_feat|><2d_feat_-

end>/>”,
and history 3d point coordinates:

“<tracks coords=‘0.0 1 0 0 0 2 12 -3 0 ... 8 5 4 -1’>3d object history</tracks>”.

The supervised answer span is

<tracks coords=“1.0 1 4 -8 2 2 17 -10 5 ... 8 9 7 -3;
2.0 1 8 -16 4 ...;
...
32.0 1 ... ”>3d object trajectories</tracks>

Each per-frame block lists (n, qx, qy, qz) quadruples where n is the integer point identifier and (qx, qy, qz)
are the millimetre-quantised anchor-relative deltas δ̄nt . Only points visible at frame t are emitted; occluded
points are not imputed. At inference, the model is asked to generate this answer span autoregressively under
greedy decoding, and the parser re-assembles P̂t0+1:t0+T from the recovered quadruples.

D.3 Training hyperparameters
We train with AdamW using the Molmo2 supervised-fine-tuning defaults (β1 = 0.9, β2 = 0.95, weight decay
0.1). The learning rate is warmed up linearly over the first 1K steps to its peak and then cosine-decayed to 0.1×
peak. Activations are bf16 with fp32 master weights; the model is distributed with FSDP2 full-shard across
16 H100 GPUs at per-device batch 16 for a global batch size of 256. Gradients are clipped at maximum-norm
1.0. Multi-dataset mixing across the six MolmoMotion-1M sources is square-root-weighted by per-dataset
clip count. The autoregressive cross-entropy is computed on the answer span only, with the prompt portion
(image, text, point-feature, and history-coordinate tokens) masked out of the loss; the flow-matching MSE is
computed on the future positions only, leaving the clean history portion of the trajectory tensor unsupervised.

D.4 Flow-matching objective and inference
We give the full flow-matching specification briefly described in Sec. 2.2. The flow-matching head predicts the
future anchor-relative trajectory tensor δt0+1:t0+T ∈ RN×T×3 in continuous metric coordinates, conditioned
on the multimodal context C (image, text, point-feature, and history-coordinate tokens) and on the clean
initial 3D query coordinates {δnt0}

N
n=1.

Forward interpolation. For each training example we draw a flow timestep τ ∼ U(0, 1) and a noise tensor
ϵ ∈ RN×T×3 whose entries are i.i.d. standard Gaussian. The interpolated trajectory is

δτ = (1− τ) ϵ + τ δt0+1:t0+T , (3)

which slides linearly from pure Gaussian noise at τ = 0 to the clean ground-truth future trajectory at τ = 1.
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Variant HOT3D WorldTrack DAVIS

ADE↓ FDE↓ PWT↑ ADE↓ FDE↓ PWT↑ ADE↓ FDE↓ PWT↑

MolmoMotion-AR (H = 3) 0.109 0.217 0.444 0.143 0.261 0.445 1.227 2.108 0.153

without 2D point feature 0.118 0.231 0.421 0.155 0.282 0.418 1.310 2.252 0.143

Absolute coords (no delta) 0.165 0.330 0.276 0.220 0.401 0.288 1.940 3.275 0.082

without language instruction 0.158 0.318 0.291 0.215 0.392 0.305 1.890 3.182 0.092

N = 16 query points 0.106 0.212 0.452 0.140 0.255 0.451 1.198 2.061 0.158

Table 6 Model ablations on PointMotionBench. All variants use the autoregressive head with the same Molmo2-4B
initialization, the same 40K+10K training schedule, and the same evaluation protocol as Tab. 1. The reference
row is MolmoMotion-AR at H = 3. Rows 2–4 remove one design choice; row 5 doubles the per-object query count.
Anchor-relative parameterization and language conditioning are the largest contributors; the 2D point feature yields a
small but consistent gain; doubling N improves accuracy slightly at substantial training cost (see text).

Velocity head. The DiT decoder vϕ predicts the velocity field at (δτ , τ) in the direction of the clean future.
It takes three inputs: (i) the noised trajectory tensor with clean history concatenated to the noisy future,
RoPE-tagged along both the point-index and the frame-index axes; (ii) the scalar τ via a sinusoidal embedding
added to every trajectory token; and (iii) the per-layer Molmo2 LM hidden states C through the per-block
cross-attention described in §D.1.

Training loss. The decoder is trained with the standard flow-matching mean-squared error [46],

LFM = Eτ, ϵ

[ ∥∥vϕ(δτ , τ, {δnt0}Nn=1, C
)
−
(
δt0+1:t0+T − ϵ

)∥∥2
2

]
, (4)

where the regression target δt0+1:t0+T − ϵ is the constant velocity that drives δτ along the straight-line path
of Eq. (3). The loss is masked to the future positions only, leaving the clean history portion of the trajectory
tensor unsupervised.

Inference. At inference we sample ϵ ∼ N (0, I) and integrate the learned velocity field with K = 10 Euler
steps, advancing τ uniformly from 0 to 1 in increments of ∆τ = 0.1. Each step evaluates vϕ once and updates

δτ+∆τ = δτ + ∆τ · vϕ
(
δτ , τ, {δnt0}

N
n=1, C

)
. (5)

The final δ1 is added to the anchor 3D position panc to recover the predicted future positions in the world
frame, P̂t0+1:t0+T . Because the DiT block count matches the LM layer count and one vϕ evaluation reuses
cached LM activations, each Euler step has roughly the cost of one LM forward pass.

Comparison toautoregressivedecoding. We report flow-matching numbers in Tab. 1 alongside the autoregres-
sive variant. The autoregressive head is stronger on the deterministic point-prediction metrics ADE / FDE
/ PWT because each predicted coordinate is conditioned in a strict left-to-right sense on every previously
emitted coordinate, which encourages temporally smooth rollouts. The flow-matching head, by contrast,
samples from the conditional distribution rather than committing to a single mode, which is desirable in
settings where the action description leaves multiple plausible futures.

E Model Ablations
We ablate three load-bearing design choices in the autoregressive variant: the per-query-point 2D feature, the
anchor-relative coordinate parameterization, and the language-instruction conditioning. All ablations use the
autoregressive variant with everything else held identical to the main model.

Ablations. The four ablated variants are constructed as follows. (i) Without 2D point feature. The grid-
sampled per-query-point feature is omitted to test if 2D point feature is useful. (ii) Absolute coordinates. We
replace the anchor-relative deltas δnt with absolute world-frame positions pn

t in both the prompt’s history
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block and the answer span. The 1 mm quantization grid is preserved; only the coordinate origin changes.
This isolates the value of the anchor-relative parameterization introduced in Sec. 2.2. (iii) Without language
instruction. The action caption a is replaced with a single fixed token (“motion”); image, text, point-feature,
and history-coordinate tokens are unchanged. This isolates the value of language conditioning. (iv) N = 16
query points. We double the number of query points sampled per object from N = 8 to N = 16, leaving every
other hyperparameter unchanged. This tests whether denser per-object coverage improves prediction accuracy
and quantifies the cost of going beyond our default.

Results. Tab. 6 reports 3D ADE, FDE, and PWT on the three PointMotionBench splits. Removing the
anchor-relative parameterization produces the largest single drop (≈ 50% on ADE/FDE across all splits),
making absolute coordinates the strongest signal of design importance. Removing the language instruction
produces a comparable drop, indicating that the action description does substantially more than disambiguate
the object: it provides the direction prior the model relies on when the visual context alone leaves the future
ambiguous, with the largest hit on DAVIS where intent is hardest to infer from a single anchor frame. The
2D point feature contributes a smaller but consistent gain (5–8% on ADE/FDE, ≈ 5% on PWT) and is most
helpful on DAVIS, where the manipulated object is small relative to the frame. Doubling the per-object query
count from N = 8 to N = 16 improves accuracy by roughly 2–3% on ADE/FDE and ≈ 2% on PWT across all
three splits. The gain is small because the eight default points already cover the manipulated object’s surface
densely after K-means selection, and our query points are sampled to be spatially well-distributed. The cost,
however, is substantial: with T = 32 in stage 2, the autoregressive answer span is twice as long under N = 16
and exceeds the 4096-token context window of the Qwen3-4B language model that backs Molmo2-4B. We
therefore keep N = 8 as the default, which trades a small accuracy improvement for the longer prediction
horizon T = 32. Lifting this constraint — through tokenization schemes that encode multiple coordinates per
LM token, or through context-extension recipes for the backbone — is a natural next step for representing
dense object coverage at long horizons; we leave it to future work.

Inference cost. The two heads share a single Molmo2-4B forward pass over the prompt and diverge only in
how they decode the future trajectory. AR emits the answer span as text, so its cost grows linearly in N ·T .
FM runs a fixed K Euler steps through the DiT trajectory expert, so its cost is independent of T . Tab. 7
reports per-clip latency at the headline (N=8, T=32) setting on a single A100. Flow-matching is roughly
two orders of magnitude faster than autoregressive decoding, which is the regime that matters in closed-loop
robotic control, trajectory-conditioned video generation, and large-scale evaluation.

Variant Setting Latency (s / clip)

MolmoMotion-AR N=8, T=8 37.2

MolmoMotion-AR N=8, T=32 148.4

MolmoMotion-FM (K=10) N=8, T=32 1.1

Table 7 Inference cost. Per-clip latency at H=3 on a single A100. AR cost scales linearly in N ·T ; FM cost
is independent of T . Flow-matching is roughly 150× faster than autoregressive decoding at T=32, at the modest
accuracy cost in Tab. 1.

F Robotics Transfer Settings
This appendix documents the implementation specifics of the two robotics experiments reported in Sec. 4.2:
closed-loop pick-and-place on MolmoSpaces (Fig. 7a) and 3D-trajectory finetuning on DROID (Fig. 7b).

F.1 MolmoSpaces pick-and-place
Policy. The downstream policy follows the MolmoBot [18] prompt-encoder recipe. The Molmo2-4B vision-
language backbone is followed by an ActionExpert head: a flow-matching transformer with 36 cross-attention
blocks (one per LM layer), action dimension 8 (7 arm joints plus 1 gripper), and action horizon 16. At
inference, action chunks are produced by integrating the ActionExpert’s velocity field for 10 Euler steps from
Gaussian noise. The backbone is initialised either from MolmoMotion (autoregressive variant after both
training stages) or from the public Molmo2-4B-Pretrain checkpoint for the matched control.
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Metric What it measures

Tem-Con↑ mean CLIP cosine similarity between adjacent frames
Subj-Cons↑ feature-similarity of the moving subject across frames
M-Smooth↑ smoothness of the estimated optical-flow residual
Dyn-Deg↑ fraction of clips whose flow magnitude exceeds a motion threshold
Bg-Cons↑ feature-similarity of the background region across frames

Table 8 Higher-is-better video-quality metrics used to compare the three image-to-video generators. Subj-Cons,
M-Smooth, Dyn-Deg, and Bg-Cons are standard VBench dimensions; Tem-Con is computed separately from CLIP
frame embeddings.

Inputs. Each step provides three history frames per camera at sim-step deltas {−4,−2, 0} from two cameras
(egocentric exo and wrist-mounted), plus the current 8-D robot state normalised to unit-quantile space using
statistics fit on the training split. The textual prompt reuses the trajectory-prediction wrapper of §D.2 with an
empty answer span; the LM head’s cross-entropy weight is set to zero, so only the ActionExpert flow-matching
MSE contributes to the gradient.

Action representation. Actions are absolute joint-position targets supervised over a 16-step chunk (≈ 1.06 s of
simulated time at 15 fps). At execution time we run 8 steps of the predicted chunk and re-query the policy at
sim-step +8, matching the training-time action-time semantics. Per-joint deltas are clamped to ±0.2 rad/step
at execution as a safety guard against out-of-distribution velocity predictions.

Training. We finetune on the 20K pick-and-place episodes released with MolmoBot, restricted to policy_-
phase ∈ {5, 6, 7, 8} (lift, preplace, place, retreat) so the policy is supervised only on the post-grasp portion
of each trajectory. Optimization uses AdamW with the Molmo2 SFT defaults, maximum sequence length
2048, gradient clipping at norm 1.0, bf16 mixed precision, FSDP2 full-shard, per-device batch 2 with 8
gradient-accumulation micro-batches for a global batch size of 128 across 8 H100 GPUs. Training runs for
100K optimization steps; checkpoints are saved every 5K steps and evaluated periodically.

Hybrid rollout and evaluation. Closed-loop evaluation uses a hybrid rollout. The released MolmoBot-DROID
policy drives every episode through the approach and grasp phases. The first sim step at which the simulator
reports held = true on the pickup object marks a hand-off trigger; one execute-horizon window (8 sim steps)
later, control is handed to the evaluated policy, which performs the lift, transport, and placement. Both
policies output absolute joint-position targets. Each rollout runs for at most 600 sim steps (≈ 40 s at 15 fps);
an episode succeeds when the simulator’s terminal success flag is true, i.e. when the pickup object lies inside
the success-position threshold of its target receptacle.

F.2 DROID trajectory finetuning
Task and data. We use the same 3D point-trajectory prediction objective as in Sec. 2.2; no robot-action
loss is applied. DROID wrist and shoulder videos are paired with 3D trajectories produced by running the
MolmoMotion-1M annotation pipeline of Sec. 3.1 on the DROID corpus, yielding the same triplet of (object
mask, action description, dense 3D trajectory) as the pretraining data. We hold out a fixed 10 percent subset
of clips for the test set.

Initialization and finetuning. The pretraining-init run starts from the MolmoMotion-AR (H = 1) checkpoint;
the matched control starts from Molmo2-4B-Pretrain and is trained on DROID alone. Both runs use the
same hyperparameters: AdamW, 128 global batch on 8 H100s, max-norm 1.0 gradient clipping, bf16 mixed
precision. Both runs are trained for 12K finetuning steps; we evaluate every 1K steps and trace the test-loss
curves shown in Fig. 7b.

Evaluation. We report 3D test L2 on held-out DROID clips, computed identically to the ADE metric of
Sec. 4.1 but on the DROID test split. The pretraining-init run starts at substantially lower L2 and reaches
the matched-control’s 12K-step error after only ≈ 2K finetuning steps.
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G Video generation experiment details
We expand the video-generation experiment summarized in Sec. 4.3: starting from the first frame and action
description of a benchmark clip, we ask three image-to-video generators to synthesize the rest of the clip and
compare their outputs on standard video-quality metrics. We describe the methods compared (§G.1) and the
evaluation protocol (§G.2).

G.1 Methods compared
We evaluate three image-to-video generators. DaS [29] is a 3D-track-conditioned image-to-video model built on
the CogVideoX-5B backbone [73], and is the only method that consumes MolmoMotion’s predicted 3D trajec-
tories. CogVideoX-5B-I2V is the same backbone without the tracking branch; comparing DaS+MolmoMotion
against it isolates the contribution of track conditioning while controlling for the underlying generator.
Wan2.2-I2V-A14B [67] is an unconditioned image-to-video baseline at roughly 2.8× the parameter count of
CogVideoX-5B-I2V, and tells us how a much larger generator without explicit motion conditioning compares
to a smaller one with it.

G.2 Evaluation protocol
For each clip we feed the same first-frame image and caption to all three generators; DaS additionally receives
the MolmoMotion prediction track. Each generated clip is then transformed to the ground-truth frame count,
frame rate, and resolution, so all methods are scored on the same temporal and spatial grid.

We score each generated clip on five higher-is-better video-quality metrics (Tab. 8): four standard VBench
dimensions [35]—subject consistency, motion smoothness, dynamic degree, and background consistency—and
a CLIP-based temporal-consistency score, reported alongside as a complementary check on frame-to-frame
coherence. We aggregate over PointMotionBench (§C).

27



“take cloth out of container” 

“move tool to bowl” 

“put toy in black bowl” 

“move object to the white box” 

“move purple toy to white dish” 

“move block to the black bowl” 

“move lid on pot” 

“stack red bowl on black one” 

“move object to container” 

Figure 10 MolmoMotion predictions on held-out DROID clips.
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“little pigs walks to the big pig”“little pigs walks to the big pig”

“a giant panda holds a bamboo stick and scratches its head”

Figure 11 Video generation comparisons on held-out PointMotionBench prompts (1/2).
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Figure 12 Video generation comparisons on held-out PointMotionBench prompts (2/2).
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