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Abstract

Robotic manipulation is often specified through language instructions or task identi-
fiers, yet cluttered environments with similar objects are better handled by spatially
indicating what to move and where to place it. Addressing the vision-centric chal-
lenge of object and goal specification, we present, to the best of our knowledge, the
first formalization of Spatially Prompted Visual Trajectory Prediction (SP-VTP).
This novel setting utilizes initial spatial prompts (like bounding boxes or points)
to define task objectives, tasking the model with forecasting future end-effector
trajectories from egocentric streams. To study this problem, we collect and annotate
EgoSPT, a dataset of egocentric spatially prompted manipulation trajectories with
first-frame object and target grounding annotations and recovered 3D end-effector
motion. SP-VTP is challenging because the task specification is static, while
the scene configuration evolves over time. To solve this problem, we propose
SPOT (Spatially Prompted Object-Target Policy), which combines a task encoder
for first-frame visual and coordinate spatial prompts, an observation encoder for
current visual and history context, and a trajectory generator for future end-effector
motion. Experiments under strict scene-level splits show that SPOT improves
cross-scene trajectory prediction over non-prompted or single-source prompted
baselines. Together, EgoSPT and SPOT establish a new spatial prompting problem
SP-VTP, as a simple and scalable task condition for egocentric manipulation.

1 Introduction

Most robot policies rely on language [30, 39, 40, 58, 19] or task identifiers [53, 52], which are
expressive but often indirect for specifying manipulation goals. This limitation is pronounced in
cluttered scenes with visually similar objects, where “the fork” or a task ID may fail to identify the
intended instance or placement region. In such cases, the goal is spatial before it is linguistic: pick
this object and place it there. A point or box prompt on the first egocentric frame provides a direct,
low-ambiguity interface while preserving the visual context needed for action.

We formalize this setting as Spatially Prompted Visual Trajectory Prediction (SP-VTP). Given first-
frame spatial prompts, such as points or boxes indicating the object and target, the model predicts
future end-effector (EE) trajectories from streaming egocentric observations. Unlike grounding or
tracking, the output is not a mask or box, but a sequence of relative 6D EE motions and gripper states.
SP-VTP therefore requires converting sparse visual intent into a temporally extended motion plan.

Some recent hierarchical VLA systems also use spatial planning intermediates for manipulation [22,
49, 45, 54, 51, 47, 48]. For example, HAMSTER predicts coarse 2D image-plane paths from
RGB observations and language instructions, which then guide a separate low-level 3D-aware
controller [22]. In contrast, SP-VTP does not rely on language instructions and language-conditioned
spatial planning intermediates. It only assumes lightweight object–target spatial grounding in the first
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egocentric frame, from which the model predicts future 3D EE trajectory chunks using subsequent
egocentric observations. Our focus is therefore spatial prompt-conditioned visual trajectory prediction,
rather than language-conditioned spatial planning followed by low-level control. SP-VTP combines
four challenges that are typically studied in isolation. First, task specification is static: the object and
target are provided only in the first frame. Second, execution is dynamic: the camera moves, the end
effector occludes the scene, and the object relocates after grasping. Third, clutter and same-category
distractors require persistent instance-level disambiguation. Finally, the same object–target pair can
require different motions at different execution phases. Thus, a policy must infer not only what to do,
but also where the relevant entities are now and how far the task has progressed.

To study this problem, we introduce EgoSPT, an egocentric dataset of spatially prompted manipulation
trajectories collected with a modified Universal Manipulation Interface (UMI) [5]. EgoSPT provides
first-frame object and target grounding annotations, egocentric visual observations, recovered 3D EE
trajectories, and scene/subscene splits for evaluating generalization. The dataset is built around the
policy’s visual input: models predict from egocentric video, while accurate trajectory and state labels
provide supervision. This yields a realistic egocentric prediction setting with reliable motion targets.
Building on EgoSPT, we propose SPOT (Spatially Prompted Object–Target Policy), a policy built
on a simple premise: first-frame spatial prompts specify the task, current observations provide the
execution context, and future EE motion should be predicted as a coherent trajectory chunk. SPOT
represents bounding-box prompts in two complementary ways: visually rendered on the first frame
and encoded as coordinate prompt tokens. Object and target tokens attend to first-frame visual features
to extract task-specific evidence, which is then fused with current-frame observations and trajectory
history. A decoder-style flow-matching head generates future relative trajectory chunks conditioned
on this sequence. Because egocentric backgrounds, camera motion, and object layouts are strongly
scene-correlated, random episode splits can substantially overestimate performance. We therefore
use scene-aware splits, keeping all episodes from the same scene unit within a single partition. We
further evaluate predictions with four complementary metrics covering final position, trajectory-level
position, 6D rotation, and gripper width. This protocol tests whether a model can use first-frame
spatial prompts to predict trajectories in novel scene configurations, rather than memorizing familiar
layouts. Our contributions are fourfold:

• We formulate SP-VTP, where first-frame spatial prompts specify egocentric manipulation goals
and the model predicts future EE trajectories. To our knowledge, this is the first setting that frames
egocentric manipulation as vision-centric, spatially prompted trajectory prediction.

• We introduce EgoSPT, a spatially prompted egocentric manipulation dataset with object–target
grounding annotations, egocentric videos, recovered 3D EE trajectories, and scene-aware splits for
evaluating generalization.

• We propose SPOT, a prompt-centric object–target policy that fuses rendered and coordinate spatial
prompts with current observations and trajectory history to generate future visual trajectory chunks.

• We establish a scene-aware evaluation protocol with complementary trajectory metrics to measure
cross-scene generalization beyond layout memorization.

2 Related Work

Goal-conditioned Robot Policies for Manipulation. Goal-conditioned manipulation policies aim
to generate robot actions from sensor observation, under task specifications such as task identifiers,
goal images, or language instructions. In multi-task manipulation, task identifiers provide a compact
way to indicate which discrete task a policy should execute [53, 52], but they require task intents to
be discretized into fixed labels and lack scene-specific object-target grounding. Goal images specify
the desired final visual state [34, 41, 37, 29], but require access to an example of the completed scene
and may entangle task intent with irrelevant visual details such as background, or object layout.

Language-conditioned policies provide more flexible interfaces for general robot manipulation [30,
39, 40, 17, 10]. More recently, generalist robot policies, particularly vision-language-action (VLA)
models, have demonstrated the scalability of language-conditioned robot control across diverse tasks
and embodiments [58, 19, 35, 3]. However, language descriptions can remain ambiguous in cluttered
egocentric scenes with multiple visually similar objects and candidate targets. In contrast, our work
studies spatial prompts as a lightweight task specification: first-frame points or boxes directly indicate
the object to manipulate and the target placement region, and the policy predicts future EE trajectories
from subsequent observations.
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Figure 1: Illustration of the EgoSPT dataset. We use a modified UMI device equipped with an
iPhone and a GoPro to collect EgoSPT, an egocentric visual trajectory dataset containing five forks
and nine targets, including three plates, three bowls, and three cups. EgoSPT covers three scenes
designed to evaluate different policy capabilities.

Egocentric Manipulation Datasets. Egocentric manipulation datasets provide visual observations
from the viewpoint of the acting agent, that are closely aligned with manipulation actions. Egocentric
visual data has been studied in two related but distinct settings. Human-centered egocentric video
datasets capture first-person observations from wearable cameras and support the study of human
activities [11, 7, 12], 3D hand-object interactions [21, 43, 1], and imitation learning from human
videos [18]. Manipulator-centered egocentric demonstration datasets, in contrast, place the camera
on or near the manipulation interface, such as a gripper or robotic hand, so the visual stream is more
directly aligned with manipulation execution and the action trajectories used for policy learning.
Universal Manipulation Interface (UMI) is a representative setup in this direction, introducing a
portable hand-held interface for collecting in-the-wild manipulation demonstrations and learning de-
ployable visuomotor policies [5]. Subsequent UMI-style efforts further demonstrate the effectiveness
of this action-aligned data-collection paradigm for training manipulation policies in multiple practical
settings [14, 24, 13, 57, 26, 38, 44, 28, 50, 33]. Building on a modified UMI setup, EgoSPT collects
egocentric manipulation videos with recovered EE trajectories and pairs them with first-frame object
and target grounding annotations, turning demonstrations into data for spatially prompted visual
trajectory prediction.

Egocentric Visual Trajectory Prediction. Egocentric visual trajectory prediction aims to infer
future interaction motion from egocentric visual observations. Prior human-centered egocentric
forecasting work studies image-space hand-object interaction prediction, where models forecast
future hand motion and contact regions on active objects [27, 15, 31]. Other work extends egocentric
forecasting to 3D, predicting action targets in 3D workspaces or future 3D hand trajectories from
RGB videos [23, 2, 8]. These methods show that egocentric visual streams contain useful cues for
future interaction, but they mainly forecast human-centered motion from observed video context.

Manipulator-centered imitation learning introduces a related but different trajectory prediction setting:
future EE trajectory chunks, including pose and gripper state, serve as the action representation for
manipulation policies [56, 6]. UMI-style systems use such trajectory chunks to learn deployable
visuomotor policies from egocentric demonstrations [5, 14, 33], but the task objective is typically
implicit in the demonstration or specified through external instructions. SP-VTP formalizes a spatially
prompted version of this problem: the model predicts future relative EE trajectory chunks conditioned
on a static first-frame object-target prompt. This distinguishes SP-VTP from both standard egocentric
hand forecasting and trajectory-based policy learning without explicit spatial task grounding.

3 EgoSPT

EgoSPT evaluates whether first-frame spatial prompts can be translated into executable egocentric
trajectories. As shown in Fig. 1, it contains 2,841 pick-and-place videos with egocentric observations
and recovered end-effector (EE) trajectories, collected using a modified UMI device [5, 13]. The
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device integrates a GoPro with a 170◦ fisheye lens for egocentric video capture and an iPhone for
6-DoF EE trajectory tracking. Leveraging the iPhone’s visual–inertial SLAM system, the modified
UMI provides more accurate trajectory recovery than the original one. Nine trained experts collect
and annotate EgoSPT using this device. Each episode requires picking one of five visually similar
forks and placing it into one of nine targets, consisting of three cups, three bowls, and three plates.

EgoSPT is organized into three scenes with increasing difficulty. Scene 1 contains structured layouts
with 45 object–target combinations and 20 episodes per combination, testing object–target association
under clean conditions. Scene 2 uses a cluttered layout with the same 45 combinations and 20 episodes
per combination, evaluating robustness to distractors and spatial ambiguity. Scene 3 contains 22
randomly cluttered subscenes, each covering the 45 combinations with one episode per combination,
enabling evaluation under diverse and low-data conditions. Together, these scenes form a progressive
protocol for measuring both in-distribution performance and cross-scene generalization.

Each video is approximately five seconds long at 30 fps and is downsampled to 10 fps, yielding about
50 trajectory steps per episode. Sliding-window training with horizon H = 16 produces roughly
110K trajectory prediction samples. Each episode provides a first frame, current frames, object/target
spatial prompts, trajectory history, and future relative trajectory chunks. More statistic results can be
found in the Appendix.

The dataset stresses several realistic factors: multiple same-category object instances, three target
categories, fisheye egocentric observations, handheld camera motion, and clutter variation. These
factors make it a testbed for spatial task conditioning, not merely trajectory regression.

4 SPOT

As shown in Fig. 2, SPOT is a spatial prompt conditioned trajectory policy composed of three modules:
a task encoder, an observation encoder, and a trajectory generator. The task input combines visual
prompts, obtained by rendering object and target boxes on the first frame, with coordinate prompts,
which encode the same boxes as spatial tokens. The observation encoder represents the current
egocentric frame and recent trajectory history. Conditioned on the resulting task and observation
tokens, the trajectory generator predicts a future EE trajectory chunk.

Problem Formulation. SP-VTP takes a first-frame egocentric image I0 with an object prompt pobj
and a target prompt ptgt, where each prompt is either a point or a box in normalized image coordinates.
At timestep t, the policy observes the current egocentric frame It and recent trajectory history ht.
The goal is to predict a future trajectory chunk At ∈ RH×10 = {at, . . . , at+H−1}, H = 16. Each
waypoint at+h ∈ R10 is parameterized as a 10D vector containing relative translation, 6D rotation,
and gripper width. Let Tt ∈ SE(3) denote the EE pose at timestep t as a homogeneous transformation

matrix in the world frame: Tt ∈ R4×4 =

[
Rt pt

0⊤ 1

]
, where Rt ∈ SO(3) is the EE orientation and

pt ∈ R3 is its position. The relative pose target is computed in the current EE coordinate frame:

∆Tt+h = T−1
t Tt+h =

[
∆Rt+h ∆pt+h

0⊤ 1

]
, h ∈ [1, H]. (1)

Here, T−1
t transforms future poses from the world frame into the coordinate frame attached to the

current EE, so ∆Tt+h represents the rigid motion needed to move from the current pose to the future
pose. We then convert this relative transform into the 10D waypoint target:

at+h = [∆pt+h, rot6d(∆Rt+h), gt+h] ∈ R10,

where ∆pt+h ∈ R3 is the relative translation, rot6d(∆Rt+h) ∈ R6 is the 6D representation of the
relative rotation, and gt+h ∈ R is the gripper width. This representation asks the model to predict
where the EE should move next relative to its current state, rather than where it is in a global frame.

Task Encoder. The task encoder processes the first frame I0 together with the object and target
prompts (pobj, ptgt). In the default setting, pobj and ptgt are bounding boxes. We render these
boxes on the first frame to obtain a visually prompted image Ĩ0, and also keep their normalized box
coordinates as coordinate prompts. A frozen DINOv2 ViT-B/14 [36] backbone first extracts image
tokens from Ĩ0, which are projected to the policy dimension D = 768. We use the patch tokens as
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Figure 2: Overview of the proposed SPOT framework. Given a first-frame task input with object
and target boxes shown visually on the image and encoded as coordinate prompt tokens, the task
encoder extracts visual task tokens and prompt tokens, which are fused through cross-attention to
form a spatially prompted task representation. At each timestep, the observation encoder processes
the current egocentric frame and motion history, and the trajectory generator predicts future EE pose
chunks using a flow-matching objective conditioned on the task and observation tokens. During
training, predicted trajectory tokens are supervised by ground-truth trajectories with Lflow; during
evaluation, performance is measured using Pos. L2, Rot. L2, Grip. L1, and FDE.

visual memory and retain an image summary token, typically the DINOv2 CLS token, to preserve
global scene context feature F0 ∈ R(N+1)×D, where N is the number of image tokens.

Coordinate prompts are encoded geometrically. Each 2D prompt coordinate is mapped through
Fourier positional features [32, 42] and an MLP (prompt encoder), and a learnable role embedding
identifies whether the token belongs to the object or the target. A box prompt contributes two corner
tokens for the object and two corner tokens for the target, while a point prompt contributes one object
token and one target token. These prompt tokens Zprompt ∈ R2×D then query the first-frame visual
tokens through a Transformer decoder [46]:

Ztask = CrossAtt(Q = Zprompt,KV = F0). (2)

This prompt-to-image cross-attention lets the object and target prompts actively read task-relevant
visual information from the first frame. The resulting task representation Ztask ∈ R2×D contains both
the global image summary and the fused object/target prompt tokens, giving the policy a compact
representation of what should be manipulated and where it should be placed.

Observation Encoder. The observation encoder represents the execution state at timestep t. The
current frame It is encoded by the same frozen visual backbone and projection layer used by the task
encoder, ensuring that first-frame task tokens and current-frame observation tokens live in a shared
visual space. This shared visual encoding makes it easier for the trajectory generator to relate the
original task specification to the current egocentric view.

To provide short-term motion context, recent trajectory history tokens ht ∈ R4×D are encoded
by a lightweight MLP (history encoder Ehist(·)) and augmented with learnable temporal position
embeddings. We set the history length as 4 by default. The history tokens are concatenated with
current-frame image tokens Ft ∈ R(N+1)×D: Zobs ∈ R(5+N)×D = [Ft;Ehist(ht)]. If no trajectory
history is used, the observation encoder returns only current-frame visual tokens. Otherwise, Zobs

jointly describes what the robot currently sees and how the EE has recently moved.
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Trajectory Generator. The trajectory generator predicts future trajectory chunks from the encoded
task and execution context. It conditions on the concatenated task and observation tokens, Zcond =
[Ztask;Zobs]. In the default visual-prompt plus box-coordinate setting, Ztask consists of one image
summary token from the prompted first frame and two fused coordinate prompt tokens. For a
224 × 224 ViT-B/14 input, the current observation provides about 257 image tokens, while the
history horizon contributes four trajectory-history tokens. This yields a compact condition sequence
capturing task specification, current egocentric context, and recent motion history.

SPOT supports both diffusion [16, 6] and flow-matching [25]trajectory heads, using the same
transformer decoder-style architecture in both cases. Noisy or interpolated trajectory tokens serve
as the decoder targets, and Zcond serves as the cross-attention memory. Each future waypoint can
self-attend to other predicted waypoints and cross-attend to the task, observation, and history tokens.

The default head uses flow matching. Let x0 denote the normalized ground-truth trajectory chunk and
ϵ ∼ N (0, I) denote Gaussian noise. We sample t ∈ [0, 1] and construct a straight interpolation path

xt = (1− t)x0 + tϵ. (3)

The target velocity is
v⋆(xt, t) = ϵ− x0. (4)

The flow head predicts this velocity from interpolated trajectory tokens and the condition memory:

Lflow = E
[
∥vθ(xt, t, Zcond)− (ϵ− x0)∥22

]
. (5)

At inference time, SPOT starts from Gaussian noise and integrates the learned velocity field from noise
to a trajectory chunk using a small number of Euler steps. Future trajectory chunks are normalized by
dataset-level waypoint mean and standard deviation before training. The trajectory head predicts in
this normalized space, and predictions are denormalized after sampling. This balances translation,
rotation, and gripper dimensions during optimization. During inference, the generated H × 10
trajectory chunk is denormalized and interpreted as relative EE motion.

5 Experiments

5.1 Experiment Configuration

Training and evaluation protocols. All baseline and ablation experiments train on the union of
Scene 1, Scene 2, and Scene 3. This setting evaluates whether a single policy can use spatial prompts
across structured layouts, cluttered layouts, and diverse subscenes. We report both overall validation
metrics and per-scene metrics for Scene 1, Scene 2, and Scene 3.

The default reference configuration uses both visual bounding-box prompts rendered on the first
frame and bounding-box coordinate prompt tokens, together with a frozen DINOv2 ViT-B/14 encoder,
embedding dimension D = 768, cross-attention task fusion, history horizon K = 4, and a flow-
matching trajectory head. Unless otherwise specified, each experiment changes only one factor from
this reference setting. We provide more training and evaluation details in the Appendix.

Evaluation Metrics. We report four validation metrics from the model evaluation pipeline: ① Final
Displacement Error (FDE) measures the endpoint translation error of the last predictable chunk;
② Pos. L2 measures the mean L2 error of relative translation over the predicted chunk; ③ Rot. L2
measures the mean L2 error in the 6D rotation representation; and ④ Grip. L1 measures the mean
absolute error of the gripper width.

5.2 Prompting Baselines

This experiment studies how task specification affects performance. All variants use the same training
schedule: NO PROMPT: removes object/target information and replaces prompts with learned null
tokens; POINT PROMPT: represents the object and target by their box centers; BBOX PROMPT: uses
object and target bounding boxes as coordinate prompt tokens; VISUAL PROMPT: renders object
and target boxes on the initial frame without coordinate prompt tokens; and BBOX+VISUAL: is the
default SPOT setting, combining rendered bounding boxes with bounding-box coordinate tokens.

Table 1 shows that spatial prompts substantially improve trajectory prediction over the no-prompt
baseline. On the overall split, the default BBox + visual input achieves the best endpoint and
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Table 1: Prompting baseline results on the overall
validation split and each individual scene. Lower
is better for all metrics.

Split Method FDE Pos. L2 Rot. L2 Grip. L1

All

No prompt 0.1739 0.0912 0.2021 0.01098
Point prompt 0.1186 0.0736 0.1948 0.01067
BBox prompt 0.1176 0.0706 0.2031 0.01173
Visual prompt 0.1175 0.0701 0.1865 0.01095
BBox + visual 0.1147 0.0699 0.1965 0.01133

Scene 1

No prompt 0.1433 0.0762 0.1623 0.00630
Point prompt 0.1082 0.0674 0.1609 0.00676
BBox prompt 0.1044 0.0644 0.1635 0.00674
Visual prompt 0.1012 0.0615 0.1504 0.00665
BBox + visual 0.1123 0.0700 0.1588 0.00693

Scene 2

No prompt 0.2057 0.1014 0.2176 0.01024
Point prompt 0.1183 0.0674 0.2045 0.00844
BBox prompt 0.1220 0.0689 0.2213 0.01022
Visual prompt 0.1301 0.0713 0.2024 0.00964
BBox + visual 0.1116 0.0632 0.2093 0.00975

Scene 3

No prompt 0.1875 0.1037 0.2512 0.01970
Point prompt 0.1292 0.0812 0.2402 0.01981
BBox prompt 0.1345 0.0831 0.2478 0.02184
Visual prompt 0.1307 0.0832 0.2290 0.01966
BBox + visual 0.1224 0.0779 0.2446 0.02048

Table 2: Ablation on visual encoder type. We
compare frozen base-size visual encoders under
the same SPOT configuration.

Split Encoder FDE Pos. L2 Rot. L2 Grip. L1

All

PE-Base 0.1544 0.0891 0.2136 0.01085
SigLIP-Base 0.1204 0.0724 0.1890 0.00921
SAM-Base 0.1759 0.0929 0.2173 0.00928
EVA2-Base 0.1422 0.0826 0.2077 0.01050
DINOv2-Base 0.1147 0.0699 0.1965 0.01133

Scene 1

PE-Base 0.1137 0.0687 0.1574 0.00749
SigLIP-Base 0.1083 0.0664 0.1517 0.00674
SAM-Base 0.1418 0.0752 0.1601 0.00676
EVA2-Base 0.1096 0.0665 0.1582 0.00728
DINOv2-Base 0.1123 0.0700 0.1588 0.00693

Scene 2

PE-Base 0.1888 0.1019 0.2358 0.00967
SigLIP-Base 0.1248 0.0702 0.2009 0.00858
SAM-Base 0.1998 0.1001 0.2386 0.01017
EVA2-Base 0.1564 0.0861 0.2206 0.00952
DINOv2-Base 0.1116 0.0632 0.2093 0.00975

Scene 3

PE-Base 0.1822 0.1083 0.2813 0.01788
SigLIP-Base 0.1361 0.0853 0.2372 0.01399
SAM-Base 0.2090 0.1154 0.2898 0.01254
EVA2-Base 0.1796 0.1055 0.2753 0.01700
DINOv2-Base 0.1224 0.0779 0.2446 0.02048

translation accuracy, reducing FDE from 0.1739 to 0.1147 and Pos. L2 from 0.0912 to 0.0699.
Visual prompt alone gives the lowest overall Rot. L2, while point prompts give the lowest overall
Grip. L1. Per-scene results show that visual bounding-box prompts are especially useful for Scene 1,
and combining them with coordinate box prompts is strongest for endpoint and Pos. L2 on Scenes 2
and 3. This suggests that coordinate prompts provide explicit object-target geometry, while visual
prompts make the same spatial intent directly visible to the first-frame visual encoder.

5.3 Ablation Studies

We organize ablations around the major design decisions in SPOT.

Vision encoder type. We compare DINOv2-Base [36] with other base-size vision foundation
model encoders when available, including SAM [20], Perception Encoder (PE) [4], EVA2 [9], and
SigLIP [55]. This ablation tests whether SPOT depends on a specific visual foundation model or
benefits generally from strong image tokens.
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0.0113
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Figure 3: Ablation on tuning DINOv2-Base. We compare
the default frozen DINOv2-Base encoder with an unfrozen
variant on the full validation split.

Table 2 shows that the choice of
visual encoder affects different tra-
jectory factors differently. On the
overall split, DINOv2-Base achieves
the best endpoint and translation ac-
curacy, with FDE 0.1147 and Pos.
L2 0.0699, outperforming SigLIP-
Base (0.1204 / 0.0724), EVA2-Base
(0.1422 / 0.0826), PE-Base (0.1544
/ 0.0891), and SAM-Base (0.1759 /
0.0929). This advantage is most pronounced on Scenes 2 and 3, where DINOv2-Base gives the
lowest FDE and Pos. L2, indicating stronger spatial localization for prompt-conditioned trajectory
prediction. EVA2-Base is competitive on Scene 1, with FDE 0.1096 and Pos. L2 0.0665, but its
spatial errors increase on Scenes 2 and 3. In contrast, SigLIP-Base achieves the best overall Rot. L2
and Grip. L1 (0.1890 and 0.00921), and performs best across all metrics on Scene 1, suggesting that
language-aligned visual features can help orientation and gripper prediction in some layouts. SAM-
Base and PE-Base are less competitive on endpoint and translation errors. Since spatial accuracy is
the primary objective for SP-VTP, we keep frozen DINOv2-Base as the default encoder.
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Figure 5: Ablation on history horizon. We compare history horizons of 0, 4, 8, and 12 on the full
validation split. Stars mark the best value for each metric. Lower is better for all metrics.

Trajectory head. We compare the default flow-matching head with a diffusion head under the
same task, observation tokens, and the architecture. Figure 4 shows that the flow-matching head
consistently outperforms the diffusion head on the full validation split, reducing FDE from 0.2279 to
0.1147 and Pos. L2 from 0.1222 to 0.0699. It also improves Rot. L2 and Grip. L1, indicating that
the flow-matching objective is better aligned with prompt-conditioned trajectory generation across all
output factors. We therefore keep flow matching as the default trajectory head.
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Figure 4: Ablation on trajectory head. We compare the
default flow-matching head with a diffusion head on the full
validation split. Lower is better for all metrics.

Tuning vision backbone. We com-
pare the default frozen DINOv2-Base
encoder with an unfrozen variant that
updates the visual backbone during
policy training. This ablation tests
whether adapting the visual features
to EgoSPT improves trajectory predic-
tion or instead overfits the limited task
distribution. Figure 3 shows that keep-
ing DINOv2-Base frozen outperforms
tuning the backbone on all metrics, re-
ducing FDE from 0.1715 to 0.1147 and Pos. L2 from 0.0893 to 0.0699. The degradation from
end-to-end tuning suggests that updating the visual backbone weakens the general visual representa-
tion needed for prompt-conditioned spatial prediction. We therefore keep the DINOv2-Base encoder
frozen in the default SPOT configuration.

History horizon. We compare history horizons of 0, 4, 8, and 12. This measures how much recent
motion context helps trajectory generation beyond the current egocentric frame and first-frame task
prompt. Figure 5 shows that a moderate history horizon is most effective for trajectory prediction.
Using K = 4 gives the best FDE, Pos. L2, and Rot. L2, indicating that recent motion context helps
localize the execution phase without overloading the policy with stale observations. Increasing the
horizon to K = 12 slightly improves Grip. L1, but it does not improve endpoint, translation, or
rotation accuracy. We therefore use K = 4 as the default history horizon.

5.4 Qualitative Evaluation

To analyze the performance of SPOT on SP-VTP beyond scalar metrics, we visualize both full
stitched trajectories and first-chunk predictions. More results are provided in the appendix.

First-chunk visualization. Fig. 7 shows the first-frame prompts, current frame, predicted and ground-
truth 3D trajectory chunks, and Pos. L2/Rot. L2/Grip. L1 curves. The prompt specifies the object and
target regions, while the current frame captures the end effector inside the manipulation workspace.
The predicted trajectory matches the direction and curvature of the ground truth, indicating that SPOT
infers the correct local motion phase from a static prompt and current observation. Pos. L2 grows
over the horizon, suggesting compounding translation errors, whereas Rot. L2 and Grip. L1 remain
relatively stable, indicating more consistent orientation and gripper prediction over short horizons.

Full-trajectory visualization. Fig. 6 shows stitched chunk predictions over a full episode, together
with the ground-truth 3D trajectory, first-frame prompt, and per-frame Pos. L2. SPOT preserves the
coarse structure of the manipulation trajectory: the stitched prediction follows the main geometric
pattern of the ground truth, including the approach and return motions. The remaining error mainly
appears as local drift along the path rather than task-level failure. Pos. L2 is low at the beginning
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Figure 6: Full-trajectory visualization. We show stitched predictions over full episodes together
with ground-truth 3D trajectories, first-frame spatial prompts, and per-frame position errors.

Figure 7: First-chunk visualization. We show the first-frame prompt, current observation, predicted
and ground-truth trajectory chunks, and chunk-level Pos. L2, Rot. L2, and Grip. L1 curves.

and end of the episode, with a final error of 0.0525, but increases in the middle and late stages
as chunk-level errors accumulate under larger camera and EE motion. These results suggest that
SPOT captures the intended spatial task and overall trajectory geometry, while long-horizon stitching
remains sensitive to compounding local prediction errors.

6 Conclusion
We introduce Spatially Prompted Visual Trajectory Prediction (SP-VTP), where first-frame object
and target prompts condition future egocentric end-effector trajectory prediction. We instantiate this
setting with EgoSPT, a dataset with spatial grounding and recovered 3D motion, and SPOT, a policy
that fuses visual and coordinate prompts with current observation and motion history for flow-based
trajectory generation. Scene-aware experiments show that spatial prompts substantially improve
trajectory accuracy, with the combined visual and coordinate prompt giving the strongest endpoint
and translation performance. Ablations further identify frozen DINOv2 features, flow matching, and
short motion history as key factors for robust prediction. These results establish spatial prompting as
a compact and effective interface for visually grounded manipulation.
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Figure 8: More visualization demonstrations of modified UMI device.

A Dataset Documentation

Collection setup. EgoSPT contains 2,841 egocentric pick-and-place episodes collected with a
modified UMI (see Fig. 8) by nine trained experts. Each episode records an RGB video and tracking
streams. The recording interface stores raw episode videos as camera_<i>.mp4 and per-camera
arrays such as pose, receive time, capture time, and intrinsics. In the processed dataset used by SPOT,
camera_1.mp4 is the RGB video consumed by the vision model, while the tracking stream is used
to recover time-aligned 6-DoF EE motion. Videos are recorded at 1920×1080 and 30 fps, and are
temporally subsampled with stride 3 for trajectory prediction.

Trajectory processing pipeline. The raw demonstrations are converted into the format consumed
by SPOT data loader. The practical pipeline is: record raw videos and tracking arrays, synchronize
RGB and tracking timestamps, interpolate EE pose onto valid RGB frame times, detect ArUco
tags on the gripper, calibrate and interpolate gripper width, copy the RGB video into a processed
episode directory, and attach first-frame object/target bounding-box annotations. The processed
layout expected by the dataset loader is

<data.root>/<scene>/<task>/recording_output_processed/<episode>/

containing camera_1.mp4, valid_indices, pose_interp, and gripper_widths. The raw
videos and processed trajectories are organized under umi_day/output_data, and first-frame
prompt annotations are stored separately in annotations_merged.json.

Time alignment and trajectory recovery. During synchronization, camera and tracking receive
times are corrected using configured camera and tracking latencies. The overlapping time range is
used to define valid_indices over RGB frames. EE translations are linearly interpolated, rotations
are interpolated with spherical linear interpolation, and the camera pose is converted to an EE pose
using the calibrated camera-to-EE transform. Gripper width is obtained from ArUco detections of
finger tags, calibrated with a gripper-range episode, and interpolated to the valid frame times. The
resulting pose_interp and gripper_widths are aligned with the valid RGB frames.

Annotations and sample construction. Nine trained experts are assigned the collected videos and
annotate the object and target bounding boxes using our annotation tool, as shown in Fig. 9. The tool
is a lightweight video bounding-box annotator designed for frame-0 task specification: annotators
open an episode video, jump to the first frame, and draw exactly two boxes, where the first box denotes
the manipulated object and the second denotes the target region. It also supports video browsing,
playback, zooming, box editing, and in-place correction of merged annotations. Annotations are saved
in JSON format with both the ordered box list and explicit object/target fields in original video
pixel coordinates. The annotation results are merged and stored in annotations_merged.json.

After annotation, we manually check each bounding box with a separate annotation modification
tool shown in Fig. 10. This tool loads videos from annotations_merged.json, supports direct
navigation through annotated videos, allows frame browsing and playback, and restricts box editing
to frame 0. Annotators can move, resize, create, or delete boxes, and the corrected object/target boxes
are written back to the original merged annotation file in place.

The annotation JSON maps each episode video key to the object and target boxes in the original
first-frame pixel coordinates. The dataset parser converts keys into scene, task, and episode,
locates the corresponding processed episode directory, and skips episodes with missing videos,
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Figure 9: Annotation interface. Annotators label the manipulated object and target region on the
first egocentric frame. The resulting bounding boxes are stored in the annotation JSON and used as
spatial prompts for SP-VTP.

missing prompts, missing zarr arrays, or too few valid frames. For a sample at timestep t, the loader
reads the first frame, the current RGB frame, normalized object/target prompts, a history window,
and a future action window. Future actions are computed as relative EE motions in the current frame:

Trel(t, h) = T−1
t Tt+h,

then represented as relative translation, 6D rotation, and gripper width. Action history is built analo-
gously from previous poses relative to the current pose. Each returned sample contains first_frame,
current_frame, prompt_object, prompt_target, action_history, future_actions, and
is_final_chunk.

Preprocessing and scale. The default preprocessing uses image size 224 × 224, bounding-box
prompts, action horizon H = 16, history horizon K = 4, and stride 3. This produces 112,856
sliding-window trajectory samples in total, including 102,832 training samples from 2,584 episodes
and 10,024 validation samples from 257 episodes. The mean episode length after preprocessing is
59.7 trajectory steps, and each episode yields 39.7 trajectory samples on average. Across all samples,
the mean relative-translation magnitude is 0.2159, the mean final displacement is 0.3529, and the
mean gripper width is 0.0303.

Scene and task coverage. The data cover five visually similar forks and nine target receptacles
across three scenes. Scene 1 uses structured layouts, Scene 2 uses a cluttered layout, and Scene
3 uses diverse cluttered subscenes with fewer demonstrations per configuration. The full dataset
contains 931 episodes / 43,972 samples from Scene 1, 919 episodes / 35,902 samples from Scene
2, and 991 episodes / 32,982 samples from Scene 3. Scene 1 and Scene 2 are organized around
object–target tasks such as put_fork1_to_plate1; Scene 3 is organized into 22 cluttered subscenes,
each covering the object–target combinations with sparse demonstrations. The train/validation split
is performed at the episode/task level while preserving scene coverage; the scene-distribution total
variation between splits is 0.0015. All reported experiments therefore evaluate both overall validation
performance and per-scene behavior.

Quality checks and statistics files. Before training, we verify that every annotation key maps
to an existing processed episode, each processed episode has camera_1.mp4, valid_indices,
pose_interp, and gripper_widths, each episode has enough valid frames for K +H + 1, the
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Figure 10: Annotation modification interface. After initial annotation, annotators inspect each
video and correct frame-0 object/target bounding boxes directly in the merged annotation file.

pose and gripper arrays share compatible temporal indexing, and first-frame boxes are valid in the
original image coordinate system. We also check that scene/task/episode names in the annotations
match directory names after path normalization and that the gripper calibration and tag detections are
available for width interpolation.

We generate auxiliary statistics files to support reproducibility and data inspection. summary.json
stores the machine-readable dataset summary, episode_stats.csv stores per-episode lengths,
sample counts, and video metadata, count_stats.csv stores scene/task/scene-task counts,
prompt_stats.csv stores bounding-box size and location statistics, image_stats.csv stores
sampled RGB statistics, and outliers_*.csv stores samples with the largest final-displacement
values for train and validation splits. These files are used to verify dataset scale, split quality, prompt
validity, and trajectory target ranges. These files are provided in the supplementary material.

B Model Architecture Details

Policy interface. The implementation is centered on VisionTrajPolicy, which maps a first-frame
task specification and a current execution state to a future action chunk:

(first frame, prompt, current frame, history) → At ∈ RH×10.

We use H = 16 by default. Each action vector is [∆x,∆y,∆z, rot6d, g], where the pose component
is expressed relative to the current camera/EE frame and g is the gripper width. Architecturally, the
policy has three parts: the task encoder builds prompt-conditioned first-frame tokens, the observation
encoder builds current-state tokens, and the action head decodes future trajectory tokens from their
concatenation.

Prompt forms. The dataset loader exposes five task-input variants. bbox uses raw first-frame
pixels with object/target bounding-box coordinates; point uses the centers of the boxes; none
removes coordinate prompts and falls back to learned null prompt tokens; vision_bbox renders
object/target boxes into the first frame without coordinate prompts; and vision_bbox_and_bbox
combines rendered boxes with coordinate bounding-box prompts. The final SPOT configuration uses
vision_bbox_and_bbox, so the task is visible both in image space and in explicit coordinate-token
form.

Shared visual backbone. Both the task encoder and observation encoder use the same visual
backbone interface. The backbone is implemented with timm and returns image tokens in (B,N,C)
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format. The default backbone is vit_base_patch14_dinov2, with C = 768 and policy dimension
D = 768. We also support SAM-Base, Perception Encoder-Base, SigLIP-Base, and EVA2-Base
through their corresponding timm model names. When the backbone is frozen, its parameters are
excluded from the optimizer and the module is kept in evaluation mode; when unfrozen, it is trained
together with the policy.

Task encoder. The task encoder first applies the shared visual backbone to the first frame, optionally
after visual prompt rendering. Image tokens are projected to dimension D and receive image type
embeddings. Coordinate prompts are encoded separately: a bounding box contributes two corner
tokens for the object and two corner tokens for the target, a point prompt contributes one object token
and one target token, and the no-prompt setting uses two learned null tokens. Prompt tokens receive
role/type embeddings before fusion.

The default fusion path is prompt-to-image cross-attention. Prompt tokens query first-frame image
tokens through a Transformer decoder with 4 layers and 12 attention heads. With image-summary
return enabled, the task encoder returns the first image summary token followed by the fused prompt
tokens. Thus, the default bounding-box coordinate prompt produces five task tokens: one image-
summary token and four fused coordinate-prompt tokens.

Observation encoder and conditioning sequence. The observation encoder applies the same image
encoder and projection layer to the current frame, giving current-frame image tokens in the same
feature space as the first-frame task tokens. When the history horizon K > 0, each previous 10D
action is embedded by a lightweight MLP, Linear(10,D)-GELU-Linear(D,D), then augmented
with learnable temporal position embeddings and a history type embedding. The observation sequence
is the concatenation of current-frame image tokens and history-action tokens.

The final conditioning sequence is

Zcond = [Ztask;Zobs],

which contains first-frame task evidence, current egocentric visual context, and recent motion context.
The trajectory head uses this sequence as cross-attention memory while decoding the future action
chunk.

C Training and Evaluation Details

C.1 Training Details

Default configuration. All baseline and ablation experiments use the same training protocol
and change one factor at a time from the default SPOT configuration. The default model uses
vision_bbox_and_bbox prompts, a frozen DINOv2 ViT-B/14 visual encoder, policy dimension
D = 768, cross-attention task fusion, 4 fusion layers, 12 fusion heads, history horizon K = 4, a
6-layer 12-head trajectory decoder, and a flow-matching trajectory head. Final experiments use
learning rate 2 × 10−4, batch size 16, 30 epochs, validation every 2 epochs, checkpointing every
10 epochs, and 4 dataloader workers. The launch configuration uses 8 A6000Ada GPUs with bf16
mixed precision; the DINOv2 tuning ablation reduces the batch size to 8 because the visual backbone
is unfrozen.

Split construction. The training split is deterministic. Episodes are grouped by scene and task, task
names are shuffled with a seed-dependent scene-specific random generator, and validation tasks are
selected according to the validation ratio. All episodes of a selected validation task are assigned
to validation, preventing sample-level leakage across the same task split decision. Rank 0 writes a
split_manifest.json containing train/validation episode keys, scene/task names, and paths, and
training checks that no episode key appears in both splits.

Optimization. Training uses accelerate for distributed execution. The optimizer is AdamW
over parameters with requires_grad=True; thus frozen visual backbones are excluded from
optimization. Gradients are clipped to norm 1.0 when synchronized. The learning-rate scheduler
is constructed with diffusers.optimization.get_scheduler, and the code supports constant,
warmup, linear, cosine, cosine-with-restarts, and polynomial schedules.

Action normalization. Before optimizer construction, the policy computes per-action-dimension
mean and standard deviation from training samples. Standard deviations are clamped to at least
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Table 3: Ablation on DINOv2 encoder size. Lower is better for all metrics.

Split Encoder FDE Pos. L2 Rot. L2 Grip. L1

All
DINOv2-Small 0.1129 0.0701 0.2124 0.01386
DINOv2-Base 0.1147 0.0699 0.1965 0.01133
DINOv2-Large 0.1135 0.0679 0.1862 0.01081

Scene 1
DINOv2-Small 0.1085 0.0685 0.1695 0.00719
DINOv2-Base 0.1123 0.0700 0.1588 0.00693
DINOv2-Large 0.0988 0.0609 0.1500 0.00676

Scene 2
DINOv2-Small 0.1057 0.0617 0.2187 0.00885
DINOv2-Base 0.1116 0.0632 0.2093 0.00975
DINOv2-Large 0.1244 0.0679 0.2008 0.00978

Scene 3
DINOv2-Small 0.1282 0.0829 0.2781 0.03091
DINOv2-Base 0.1224 0.0779 0.2446 0.02048
DINOv2-Large 0.1251 0.0796 0.2300 0.01871

10−4. During training, future action chunks are normalized as (a− µ)/σ before being passed to the
trajectory head; predictions are denormalized before evaluation or visualization.

Flow-matching head. The default flow-matching head predicts velocity over normalized action
chunks. During training, time t is sampled from a Beta distribution with α = 1.5 and β = 1.0, then
clamped away from zero by t = 0.999t+ 0.001. Given a clean action chunk x0 and Gaussian noise
ϵ, the interpolated sample is xt = (1− t)x0 + tϵ, and the target velocity is ϵ− x0. Time is encoded
with a continuous sinusoidal embedding over periods from 0.004 to 4.0, followed by a two-layer
MLP.

Diffusion head. The alternative diffusion head uses a DDPM scheduler with the
squaredcos_cap_v2 beta schedule during training. It predicts either noise or the clean sample
depending on the configured prediction type. The diffusion and flow-matching heads share the same
high-level decoder structure: trajectory tokens with a time embedding attend to the conditioning
tokens through a Transformer decoder and output an action chunk.

C.2 Evaluation Details

Validation protocol. Training-time validation runs every two epochs on a capped number of batches
for fast feedback. It reports both overall metrics and per-scene metrics using validation episodes
selected at training start. Final evaluation reuses the same validation episodes and evaluates the full
validation set without batch truncation.

Inference. For the default flow-matching head, inference starts from Gaussian noise at t = 1 and
integrates to t = 0 using forward Euler with 10 steps. The final evaluation uses deterministic initial
action noise with sample seed 0. For the diffusion head, inference uses a DDIM scheduler with the
same squaredcos_cap_v2 beta schedule used during training.

Metrics and outputs. We report FDE for endpoint translation accuracy, Pos. L2 for mean rel-
ative translation error, Rot. L2 for mean 6D rotation error, and Grip. L1 for gripper-width error.
Final evaluation writes overall and per-scene summaries to eval_metrics/all/summary.json,
eval_metrics/all/metrics.csv, and the corresponding scene-specific files. For full-episode
visualizations, predicted chunks are stitched in temporal order to inspect accumulated drift in addition
to single-chunk accuracy.

D Additional Ablation: Vision Encoder Size

We further compare DINOv2 backbones of different sizes under the same SPOT setting. All variants
use the combined visual and coordinate bounding-box prompt, frozen visual features, flow matching,
and the same scene-aware evaluation protocol. Table 3 reports the results.

The results show that increasing encoder size mainly improves orientation and gripper prediction,
while endpoint accuracy does not improve monotonically. DINOv2-Large [36] achieves the best
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overall Pos. L2, Rot. L2, and Grip. L1, and is strongest on Scene 1. DINOv2-Small gives the lowest
overall FDE and performs best on Scene 2 translation metrics, suggesting that larger visual capacity
is not always necessary for short-horizon endpoint prediction. DINOv2-Base remains competitive
and is strongest on Scene 3 FDE and Pos. L2, which is why we keep it as the default in the main
experiments for a balanced accuracy-cost tradeoff.

E More Visualization Results

We provide more visualization results of full-episode trajectories from the three scenes in Figs. 11,
12, and 13. These examples complement the main qualitative results and show stitched predictions
under structured layouts, cluttered layouts, and diverse cluttered subscenes. We also provide some
first chunk visualization trajectories in Fig. 14.

F Limitations

SP-VTP is evaluated as open-loop trajectory prediction rather than closed-loop robot control. Al-
though stitched trajectories indicate that SPOT preserves the coarse episode structure, local chunk
errors can accumulate over long horizons, especially under large camera and EE motion. The current
dataset focuses on fork pick-and-place tasks with table-top receptacles, so the scope of the claims is
limited to spatially prompted egocentric manipulation in this task family. Broader objects, deformable
items, multi-step tasks, and real-time closed-loop execution remain important directions for future
work.

The method also assumes that the first-frame object and target prompts are available and reasonably
accurate. Strong prompt noise, severe occlusion, or target regions that leave the camera view may
reduce performance. Finally, while frozen foundation visual encoders improve generalization in
our experiments, their behavior may depend on the visual domain, camera viewpoint, and object
categories.

G Ethics and Broader Impact

EgoSPT is collected and annotated by trained experts rather than crowdsourced workers. The
videos are captured from an egocentric device during table-top manipulation and are intended to
avoid collecting identifiable personal information. The dataset is designed for research on visually
grounded manipulation and does not involve high-risk generated media, scraped web data, or personal
decision making.

Spatial prompting can make robot task specification more direct and accessible, especially in cluttered
scenes where language instructions are ambiguous. At the same time, improved manipulation
policies may be unsafe if deployed without closed-loop monitoring, collision checking, or task-level
constraints. Any deployment should therefore include safety checks, workspace limits, and human
supervision appropriate to the robot platform and environment.
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Figure 11: Additional full-trajectory visualization for Scene 1. We show a representative stitched
full-episode prediction under a structured layout.
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Figure 12: Additional full-trajectory visualization for Scene 2. We show a representative stitched
full-episode prediction under a cluttered layout.
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Figure 13: Additional full-trajectory visualization for Scene 3. We show a representative stitched
full-episode prediction under diverse cluttered subscenes.
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Figure 14: Additional first-chunk visualization for three scenes. We present three representative
first-chunk visualization results of three scenes from top to down.
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