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Abstract— Teleoperation via natural-language reduces oper-
ator workload and enhances safety in high-risk or remote
settings. However, in dynamic remote scenes, transmission
latency during bidirectional communication creates gaps be-
tween remote perceived states and operator intent, leading to
command misunderstanding and incorrect execution. To miti-
gate this, we introduce the Spatio-Temporal Open-Vocabulary
Scene Graph (ST-OVSG), a representation that enriches open-
vocabulary perception with temporal dynamics and lightweight
latency annotations. ST-OVSG leverages LVLMs to construct
open-vocabulary 3D object representations, and extends them
into the temporal domain via Hungarian assignment with our
temporal matching cost, yielding a unified spatio-temporal
scene graph. A latency tag is embedded to enable LVLM
planners to retrospectively query past scene states, thereby
resolving local–remote state mismatches caused by transmission
delays. To further reduce redundancy and highlight task-
relevant cues, we propose a task-oriented subgraph filtering
strategy that produces compact inputs for the planner. ST-
OVSG generalizes to novel categories and enhances planning
robustness against transmission latency without requiring fine-
tuning. Experiments show that our method achieves 74% node
accuracy on Replica benchmark, outperforming ConceptGraph.
Notably, in latency-robustness experiment, the LVLM planner
assisted by ST-OVSG achieved a planning success rate of 70.5%.
We refer to the project for the code and results.

I. INTRODUCTION

Teleoperation robots play a critical role in diverse appli-
cation domains such as deep-sea exploration, nuclear plant
accident response, and space station maintenance [1] [2].
By allowing humans to perform high-risk tasks remotely,
they greatly enhance both safety and efficiency. As these
applications expand, there is a growing demand for teleop-
eration systems to become more intelligent and autonomous,
particularly with regard to their ability to perceive, interpret,
and plan within complex environments. The emergence of
large models offers new possibilities for these limitations.

Recently, large-scale pretrained models, including Large
Language Models (LLMs) and Vision-Language Models
(VLMs), have demonstrated remarkable capabilities in per-
ception and reasoning [3]. Motivated by these advances,
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Fig. 1. System overview. Based on the tn−1+∆t moment scene feedback,
the local operator issues natural-language commands. These commands are
sent over the data network to the remote side, where ST-OVSG temporally
aligns the local commands with the remote observations to compensate for
link latency. This alignment stabilizes the large model’s semantic reasoning
and drives reliable execution by the robotic arm.

many researchers have integrated such models into teleop-
eration systems to improve generalization and robustness
in open-world scenarios. These approaches have achieved
promising results in object recognition, language understand-
ing, and task planning. However, directly applying these
models to teleoperation robotics still faces several challenges.

The first challenge is communication latency. In real-
world networked environments, teleoperation systems are
inevitably affected by delays. Such delays create a mismatch
between operator-issued commands and the robot’s percep-
tion of the evolving environment [4], directly reducing task
efficiency and accuracy. Existing methods often assume that
user commands are received and executed immediately after
being issued, which does not hold under real teleoperation
network conditions.

For example, during a deep-sea exploration mission, an
operator may instruct the robot to “collect the rock sample
lying on the seabed.” Due to long-distance communication
latency, however, by the time the command reaches the robot,
ocean currents may have displaced it to a nearby but different
area. Without the ability to reason about latency and temporal
order, the robot may mistakenly collect the wrong rock. In
high-stakes scenarios such as deep-sea or nuclear operations,
the cost of such errors is critical, as tolerance for mistakes
is extremely low.

The second challenge is the static nature of current scene
representations. Most existing methods rely on object posi-
tions, visual features, and text labels [5]–[7]. While effective
in static environments, these approaches lack the capacity
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to capture continuous events and temporal dynamics. They
do not track how objects or interactions evolve over time,
which is essential for teleoperation in dynamic settings.
Moreover, raw video streams contain substantial redundancy,
particularly in long-duration tasks, which dilutes key events
and makes it harder for the system to focus on task-relevant
cues. By structuring observations into scene graphs, salient
objects, relations, and events can be highlighted, providing
a more concise and informative representation.

Taken together, these challenges reveal a fundamental
gap: latency distorts the temporal alignment between oper-
ator intent and robot execution, while static representations
fail to capture evolving events or filter redundant informa-
tion. To address this, we propose Spatio-Temporal Open-
Vocabulary Scene Graph (ST-OVSG), an open-vocabulary
spatio-temporal scene graph designed for teleoperation.

The main contributions of this work can be summarized
as follows:

1) We propose ST-OVSG, a novel spatio-temporal open-
vocabulary scene graph, which explicitly models both
the spatial structure and temporal dynamics of scenes,
capturing how objects and events evolve over time.

2) To improve the planner’s awareness of communication
delays, we introduce a lightweight latency tag into
the scene graph. This design reduces the negative
impact of delayed teleoperation commands and enables
more robust decision making under real-world network
conditions.

3) Extensive experiments demonstrate that ST-OVSG ef-
fectively models temporal variations and strengthens
delay awareness in robotic planning, while achieving
performance comparable to state-of-the-art methods in
other aspects.

II. RELATED WORK

A. Robot Planning with Foundation Models

In robotics, traditional methods are often restricted to sim-
ple, structured scenarios. Deep learning approaches achieve
better performance but rely heavily on large datasets and
struggle with generalization. Recently, foundation models
have demonstrated strong reasoning and generalization ca-
pabilities [10] [11], and their success in Natural Language
Processing (NLP) and Computer Vision (CV) has spurred
growing interest in applying them to robotics. Language
models are capable of handling complex semantic under-
standing and task reasoning with strong generalization. It
provide an opportunity to address many of the shortcomings
found in traditional and deep learning methods. Therefore,
more and more researchers are exploring how to apply
foundation models (FMs) in the field of robotics

SayCan [12] couples an LLM for high-level reasoning
with value functions over pretrained skills for feasibility,
grounding language into actions on a real mobile manipulator
for long-horizon instructions. PaLM-E [13] introduces an
embodied multimodal language model that fuses perceptual
inputs such as vision with the PaLM LLM. This integration

enables end-to-end reasoning from raw sensory data to ac-
tions, achieving strong cross-modal generalization and robust
performance across diverse robotic tasks. ProgPrompt [14]
uses program-like prompts that specify available actions and
objects, mitigating free-form hallucinations and producing
executable plans; it is validated in VirtualHome and on a
physical arm.

While these approaches significantly enhance the reason-
ing and generalization capabilities of robotic systems, they
all overlook the impact of network latency on task execution.
This limitation is particularly critical in teleoperation scenar-
ios, where delays can cause a mismatch between dynamic
environmental events and operator intent.

B. Semantic Scene Representations

Semantic scene representation is central to computer vi-
sion and AI, and increasingly vital for robot perception and
planning. Traditional Simultaneous Localization and Map-
ping (SLAM) [15]–[18]builds geometric maps for navigation
but lacks semantic differentiation, treating objects such as
chairs and tables merely as obstacles. With advances in deep
learning, semantic maps integrate object detection or seg-
mentation results [19]–[22], enriching maps with bounding
boxes and labels [23] [24]. More recently, scene graphs [25]
[26] represent objects as nodes and their relationships as
edges, offering structured understanding of environments.
However, both remain limited by closed vocabularies, con-
straining their generalization to open and dynamic real-world
scenarios.

C. Scene Representations in Robotics

Recent advances in foundation models, such as CLIP and
ViLD [27] [28], have enabled open-vocabulary detection,
allowing semantic scene representations to move beyond
predefined categories and recognize unseen objects. This
progress has motivated applications in robotics. For instance,
Chen et al. [5] proposed queryable scene representations that
integrate visual features, textual labels, and 3D positions,
and employed large language models to decouple user in-
structions for planning. Huang et al. [6] introduced visual-
language maps that combine semantic features with spatial
coordinates, enabling language-driven navigation. Gu et al.
[7] further developed open-vocabulary 3D scene graphs that
incorporate object relationships, yielding richer structures for
perception and planning.

These works significantly improve the generalization of
robotic perception and planning. However, they remain lim-
ited to static environments. Objects are encoded at build time,
and once they move or disappear, the representation becomes
outdated. This restricts performance in dynamic or delayed
teleoperation settings.

III. METHODOLOGY

A. Problem Formulation

We aim to construct a temporally indexed, semantically
enriched representation of dynamic 3D environments, en-
abling LVLM-based robot planner to plan action based
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Fig. 2. ST-OVSG builds a spatio-temporal open-vocabulary scene graph from RGB-D video sequences. Objects are detected and segmented from RGB
frames, fused with depth to form semantic nodes. These graphs are linked across frames using the Hungarian algorithm [8] [9], producing a 4D scene
graph with spatial and temporal edges and latency tags. User commands are used to query node features, filtering relevant nodes to form an ST-OVSG
subgraph, which is then serialized into JSON and provided to the LVLM planner for generating executable robot task plans.

on remote commands robustly, even under non-negligible
communication delays. In teleoperation settings, the LVLM
planner operates remotely together with the robot, while a
human operator issues command from a local site. Delays on
the order of hundreds of milliseconds to several seconds may
arise during the bidirectional transmission of visual data and
operator commands. Meanwhile, the remote environment can
evolve significantly, creating a mismatch between the state
visible to the operator when issuing a command and the state
available to the robot when receiving it.

Formally, the challenge is to maintain a representation that
allows the system to (i) recover the scene as it existed at
the command-issue time, (ii) resolve temporal ambiguities
among similar or evolving objects, and (iii) provide a reliable
substrate for long-horizon planning. Consider a case where
two visually similar objects (e.g., two red mugs) appear at
different times: without temporal grounding, the intended
referent cannot be resolved once latency is introduced. To
address this, we propose ST-OVSG that integrates object
nodes, spatial relations, and temporal correspondences. This
representation supports locating arbitrary objects across time,
grounding commands in a latency-aware manner, and en-
abling planning in dynamic environments. The approach is
illustrated in Fig. 2.

B. Spatio-Temporal Scene Representation

Given a time-ordered set of posed RGB-D frames D =
{(Irgbn , Idn,∆tn, τn)}Nn=1 where ∆Tn and τn is the trans-

mission latency and capture timestamp at remote robot
respectively. This set acquired from a calibrated, RGB-
D robot camera with known pose observing a dynamic
environment. We maintain ST-OVSG, the representation is
G1:N = ({Mn}Nn=1, Etemp), where each per-frame graph is
Mn = (On, Espa

n ). Here, On = {oi,n}No
i=1, No is number

of all nodes of a frame, denotes object nodes at frame n,
Espa
n ⊆ On × On × Rspa encodes spatial relations (with

open-vocabulary labels, e.g., on, inside, left-of ), and Etemp ⊆⋃N−1
n=1 On ×On+1 ×Rtemp links instances over time (e.g.,

same-instance, appeared, disappeared). G1:N is constructed
incrementally, the resulting time-stamped, open-vocabulary
scene graph supports object retrieval across time, latency-
aware instruction grounding, and long-horizon planning in
dynamic scenes.

1) Object Representation: Each object node oi,n car-
ries open-vocabulary semantics and grounded 3D geometry.
Given an RGB-D frame (Irgbn , Idn), a detection–description
LVLM Ψdesc predicts an open-vocabulary class label yi,n
for each candidate object and, when applicable, pairwise
spatial relations rj,k,n ∈ Rspa between objects j and k. An
object detection and segmentation model proposes regions
{(bi,n,mi,n)}No

i=1, where bi,n denotes a region of interest
(ROI) and mi,n the corresponding mask. An image encoder
Φv and a text encoder Φt (e.g., CLIP [27]) are adopted to
extract masked visual features f img

i = Φv(I
rgb
n ;bi,n) and

natural-language features f txti = Φt(yi,n).
To obtain metric 3D geometry, let u = (u, v)⊤ be the pixel
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coordinate and dn(u) its corresponding depth value. Pixels
under mi,n are lifted into the world frame using the camera
intrinsics K, and the camera-frame point is then computed
as:

xc = dn(u)K
−1[u, v, 1]⊤. (1)

This process yields an object-oriented semantic point set
Pi,n, from which the centroid ci,n and size si,n are esti-
mated. In addition, to support cross-time object localization
and historical scene reconstruction under teleoperation de-
lays, each node stores an observation timestamp obsn =
τn+∆tn. Thus, obsn represents the effective time at which
the corresponding visual data becomes available to the local
human operator. This allows the planner to interpret user-
issued commands with respect to the scene state observed
by the operator.

The final object node representation is summarized as
oi,n = {bi,n,mi,n, f

img
i , f txti , ci,n, si,n,Pi,n,obsn}, which

cleanly factors visual features, language features, metric 3D
geometry, and temporal alignment information to support
robust spatio-temporal reasoning in teleoperation scenarios.

2) Object Association and Correspondence: We model
both spatial relations within a frame and temporal corre-
spondences across frames to obtain a coherent 4D graph.
For spatial relations, the LVLM Ψdesc proposes candidate
relation labels for object pairs (j, k) ∈ On together with an
interaction bounding box bint

j,k,n, and matching is performed
based on bounding-box overlap. However, when multiple
candidate pairs overlap or are ambiguous, resolve them by
minimizing a simple geometric cost. Let the union box be
uj,k,n = Union(bj,n,bk,n) and denote the interaction zone
by zj,k,n = bint

j,k,n. The cost is

cspaj,k,n = wiou (1− IoU(uj,k,n, zj,k,n))

+ warea

∣∣∣∣log A(uj,k,n)

A(zj,k,n)

∣∣∣∣
+ wctr

∥ctr(uj,k,n)− ctr(zj,k,n)∥
diag(zj,k,n)

,

(2)

where A(·) is area, ctr(·) is the box center, and diag(·) is the
diagonal length. For any ambiguous candidate set that shares
a zone or an object, the unique partner with the minimum
cost is kept and its spatial relation is retained as spatial edge.

For temporal correspondence, an active track set Tn−1 =
{ι} is maintained. Each track stores the attributes of the ob-
ject’s most recent node together with its last-seen timestamp.
A cost matrix C is constructed with terms for visual-feature
similarity, class consistency, and 3D distance between the
current detections and the active tracks:

Cι,i = wpos min

(
∥ĉ−ι − ci,n∥2

dmax
, 1

)
+ wvis

(
1− cos(f̂ img

ι , f img
i,n )

)
+ δcls ⊮[ yι ̸= yi,n ],

(3)

where dmax normalizes 3D distance, cos(a,b) is cosine
similarity, wpos, wvis are weights for each term, and δcls is a

finite penalty that allows future class correction rather than
hard rejection. The assignment is solved with the Hungarian
algorithm to obtain candidate matchings An ⊆ Tn−1 × In.

A matching (ι, i) ∈ An is accepted if Cι,i < η, where η
is a threshold. Accepted matches update the corresponding
tracks and refresh descriptors. Detections not in any accepted
pair form the unmatched set Un and spawn new tracks
with fresh identifiers. Tracks not in any accepted pair are
marked as disappeared, yielding the set Ln. The procedure
thus returns the triplet (accepted matches, unmatched detec-
tions, disappeared tracks) = (A⋆

n,Un,Ln). When an object
reappears within the grace period, it can be matched to a
previously disappeared track, creating a temporal edge across
frames.

To explicitly handle teleoperation scenarios, each frame-
level graph Mn additionally stores its capture timestamp
and estimated transmission latency (τn,∆Tn) as <latency
tag>. Here τn corresponds to the remote capture time at
the robot side, and τn +∆Tn reflects the time at which the
visual frame is observed by the local operator. This latency
tag allows the planner to align user-issued commands with
the correct historical scene state available to the operator,
thereby reducing referential errors in delayed execution and
stabilizing object association in dynamic environments.

3) Robot Planning through LVLMs: To enable execution
of user commands under teleoperation, the ST-OVSG is
interfaced with an LVLM planner that resides together with
the robot on the remote side. Let teleoperator at the local
site issue a command u at time τu, which is transmitted
to the remote side with an end-to-end latency ∆Tu. During
this round trip, the remote environment may evolve, making
it essential to align the planner’s reasoning with the scene
state that was visible to the operator rather than the state at
the time of receipt.

Because serializing the entire graph G1:N into text is
costly, a compact, task-oriented subgraph centered on rel-
evant objects is extracted. The command is embedded with
the CLIP text encoder, gu = Φt(u), and object nodes are
scored by

si,t = cos(gu, f
txt
i ) + β cos(gu, f

img
i ). (4)

The top-K objects Qu are retained; each is expanded with
its spatial neighbors via Espa

t and with its history via Etemp.
The resulting task-oriented subgraph Su encapsulates the
relevant objects, their relations, and temporal evolution. Su

is then serialized into a lightweight JSON-style description
that lists, for each node, its class y, centroid c, size s, salient
spatial relations, and motion history, along with a concise
summary of recent scene dynamics. This description, paired
with the instruction u and the corresponding RGB video,
is passed to the LVLM planner Ψplan. The planner outputs
a sequence of high-level actions π = (a1, . . . , aM ) with
grounded arguments (e.g., centroids and sizes), which are
parsed into skill parameters for downstream controllers.

By conditioning on Su rather than the full graph, the
planner focuses on instruction-relevant entities while pre-
serving open-vocabulary flexibility. Crucially, because each
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frame-level graph Mn stores both its capture timestamp
τn and estimated latency ∆Tn, the planner can retrieve
the scene state aligned with the user’s instruction time τu.
This mechanism explicitly grounds planning in the opera-
tor’s perspective on the local side, thereby mitigating errors
introduced by transmission latency and enabling temporally
consistent reasoning on the remote side.

IV. EXPERIMENTS

A. Dataset and Implementation Details

Our evaluation is conducted on a custom dataset designed
to capture the challenges of dynamic, non-static tabletop
environments. The dataset consists of 70 RGB-D video se-
quences recorded with an Intel RealSense D435i from a fixed
camera viewpoint. The sequences span four everyday set-
tings: office desk, lab workbench, storage shelf, and kitchen.
Unlike static benchmarks, these videos feature continuous
scene evolution, where objects are moved, occluded, rotated,
duplicated, or removed. Each sequence is paired with a
JSON annotation file containing multiple instruction–action
tuples. Depth information complements RGB for accurate
grounding of geometry, occlusion, and physical interactions.
Instruction–action tuples were initially generated by a vi-
sion–language model and subsequently verified and refined
by human annotators. The dataset is intended to evaluate
the scene representation precision and planners that translate
natural language into grounded, temporally coherent action
sequences that remain robust under dynamic conditions,
transmission delays, and multiple contingencies.

For implementation, the detection–description LVLM is
instantiated with Qwen2.5-VL-7B [29]. Open-vocabulary
object detection and segmentation are performed us-
ing Grounded-SAM2-Large [30] in combination with
GroundingDINO-Swin-B [31]. For robot planning, the
LVLM planner is implemented with Qwen2.5-VL-32B [29].

B. Static Representation Construction

To evaluate the quality of the proposed static scene
representation, we conducted experiments on the Replica
dataset [32], which provides high-fidelity indoor environ-
ments. Following the protocol of ConceptGraphs, we selected
seven different scenes and, for each scene, randomly sampled
static images from five distinct viewpoints to construct scene
graphs.

Because our representation is designed for open-
vocabulary settings, automated evaluation of nodes and edges
is unreliable: object categories and relational boundaries
under open vocabulary cannot be strictly compared with fixed
labels or rules. We therefore adopted a human evaluation
protocol. Three annotators independently judged the correct-
ness of each node and edge, and an element was considered
correct if at least two annotators agreed. This majority-vote
strategy mitigates subjective bias and yields a stable estimate
of accuracy.

1Edge precision corresponds to spatial edges in ConceptGraph.
2Edge precision corresponds to spatial edges in ST-OVSG.

TABLE I
COMPARISON BETWEEN CONCEPTGRAPH AND ST-OVSG.

ConceptGraph ST-OVSG
scene node prec. edge prec.1 node prec. edge prec.2

room0 0.78 0.91 0.69 0.94
room1 0.77 0.93 0.85 0.95
room2 0.66 1.00 0.70 0.53
office0 0.65 0.88 0.73 0.35
office1 0.65 0.90 0.67 0.72
office2 0.75 0.82 0.76 0.73
office3 0.68 0.79 0.72 0.47
total 0.71 0.88 0.74 0.67

The results are shown in Table I. Our method achieved
a node accuracy of 74%, outperforming ConceptGraphs
[7], while edge accuracy reached 67%, slightly lower than
ConceptGraphs. Node errors mainly stem from two sources:
(1) the visual–language model occasionally introduced se-
mantic bias, leading to missing or misclassified objects; and
(2) the detection and segmentation modules struggled with
small or visually subtle objects. The lower edge accuracy
is largely explained by the single-view setting, which inher-
ently limits relational coverage compared with multi-view
methods, compounded by the restricted visibility of certain
chosen viewpoints. Nevertheless, under favorable viewpoints,
the relational modeling remains robust and yields accurate
representations. These static results establish a baseline for
subsequent experiments on dynamic environments, where
temporal reasoning and latency-awareness play a central role.

C. Dynamic Representation Construction

ST-OVSG is designed to model dynamic scenes by cap-
turing both spatial changes in the environment and tem-
poral evolution of objects, enabling intent reasoning and
key information retrieval under teleoperation. To evaluate
the fidelity of the constructed representations, we tested on
the dataset that is described in Subsection IV-A. For each
sequence, accuracies were measured for nodes, spatial edges,
and temporal edges. As in the static case, open-vocabulary
evaluation required human judgment: a node was correct if its
localization and caption were semantically accurate, a spatial
edge was correct if both endpoints and their relation label
matched the ground truth, and a temporal edge was correct
if cross-frame association tracked the same physical object
with the correct change label.

Modeling dynamic videos is substantially more challeng-
ing than static images, which explains the lower accura-
cies observed. Motion blur, viewpoint shifts, and occlusions
destabilize open-vocabulary detections. Objects may enter
or leave the field of view or appear in unusual poses,
which complicates cross-frame association. Near-duplicate
instances further stress relation inference and long-range
identity tracking. These factors accumulate across time, so
even small frame-level errors can cascade into graph-level
inconsistencies.

Results are summarized in Table II, with accuracies of
Anode = 66%, Aspa = 64%, and Atmp = 61%. Most
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TABLE II
EVALUATION OF NODE, SPATIAL-EDGE, AND TEMPORAL-EDGE

ACCURACY ACROSS DYNAMIC VIDEO SCENES.

scene node spatial edge temporal edge
office desk 0.66 0.65 0.61
lab workbench 0.76 0.67 0.43
storage shelf 0.68 0.56 0.51
kitchen 0.57 0.51 0.65
total 0.66 0.64 0.61

node and spatial-edge errors arise from motion blur or
atypical poses that shift visual features and mislead the
LVLM detector. Temporal-edge errors are dominated by
short-term occlusions, pose changes, and the introduction
of visually similar distractors. Compared with static scenes
(Subsection. IV-B), the overall accuracy decreases, but ST-
OVSG still consistently maintains temporal identity and
evolving relations. This capability is particularly valuable for
teleoperation, where transmission latency requires reasoning
over past scene states rather than the delayed present.

D. Latency-Robustness Experiment

The second set of experiments evaluates whether the
LVLM planner can remain latency-aware by exploiting the
per-frame timestamp and latency tags (τt, λt) stored in ST-
OVSG. These tags enable the planner to align grounding
with the scene state that existed when the operator issued
the instruction, rather than the delayed state available at the
robot. This setting reflects the teleoperation scenario, where
video streams are transmitted from the remote robot to the
local operator, and natural-language commands are then sent
back to the remote robot and its LVLM planner, introducing
bidirectional communication delays.

We designed tasks in which latency fundamentally changes
the grounding: (i) Occlusion-after-command: the target is
visible at issue time but becomes occluded before robot
received command; (ii) Target moved: the target is displaced
after issue time; (iii) Same-class distractor: a visually
similar object is introduced after issue time; (iv) Moved
reference: the instruction refers to an object relative to a
landmark (e.g., “the fruit next to the phone”), and the land-
mark is moved after issue time. These scenarios are inten-
tionally adversarial for non–latency-aware planners, which
only operate on the most recent frame without historical
alignment.

Artificial delays in the range 0.25s–5s were injected be-
tween the local operator and the remote robot+planner. For
each trial, the issue timestamp was recorded, and the planner
received the corresponding task-oriented subgraph together
with the RGB video stream. A trial was counted as successful
only if (a) the planner selected the correct target object rather
than a distractor, and (b) the grounded 3D parameters (e.g.,
centroid and size) were sufficiently accurate for execution.
Across 17 trials, ST-OVSG achieved a success rate of 70.5%.

Failure cases were dominated by residual identity switches
under long occlusions, missed detections of small or subtle

objects, and unstable temporal associations caused by mo-
tion blur or unusual poses. These are consistent with the
challenges observed in dynamic-scene modeling (Subsec-
tion. IV-C). Nonetheless, the results demonstrate that latency
tags allow instructions to be grounded to the correct historical
state, substantially reducing referential errors caused by de-
layed perception and communication. This provides concrete
evidence that ST-OVSG enhances robustness in teleoperation
settings where transmission latency is unavoidable.

E. Ablation under Zero-Latency Planning

This ablation study isolates the contribution of ST-OVSG
to planning quality under the idealized condition of zero
communication delay. The same LVLM planner (Qwen2.5-
VL-32B) is used in all conditions. We compare: (i) with ST-
OVSG, in which the planner receives the task-conditioned
JSON subgraph Su in addition to the instruction and RGB
frames; (ii) without ST-OVSG, in which only the instruction
and frames are provided; and (iii) the ground-truth (GT) plan,
which serves as the reference.

For evaluation, we use the sentence-transformers model
[33] to compute embedding-based similarity between pre-
dicted plans and GT plans. Each action sequence is linearized
into imperative sentences, normalized, and encoded, after
which cosine similarity is computed at the sequence level.
This metric is tolerant to paraphrasing and lexical variation,
which are common in open-vocabulary outputs, though it
cannot fully bridge semantic mismatches between equivalent
but differently worded plans. With ST-OVSG, the average
similarity score is 0.1702, compared to 0.164 without ST-
OVSG. While the absolute improvement is small, this result
reflects a consistent trend: adding structured scene informa-
tion via ST-OVSG does not degrade planning quality, and in
some cases marginally improves alignment to the reference.
The overall scores are relatively low, which we attribute to
the intrinsic difficulty of evaluating open-vocabulary plans
against GT text. In practice, many predicted actions were
semantically correct but expressed with different phrasing
or level of detail, which lowers embedding-based similarity
without indicating execution failure.

This experiment therefore suggests that ST-OVSG pro-
vides auxiliary cues that can stabilize plan generation, though
its benefit is more pronounced in the delayed, dynamic
scenarios (Sec. IV-D) where historical alignment is critical.

F. Real Robot Experiment

To validate the effectiveness of the proposed method,
we conduct a teleoperation grasp-and-place experiment with
a local human operator and a remote xArm 6 equipped
with a RealSense D435i camera [34]. As shown in Fig.
3, the hand is initially positioned near Orange B, moves
toward Orange A within a short time window, and then
relocates to a designated position. When the local feedback
interface indicates that the hand is approaching Orange A,
the operator issues the command: “Grasp the orange next
to the hand, then place it in the hand.” Due to a 500ms
communication delay, the command reaches the remote at
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Fig. 3. Execution process of the proposed method in a task. Left: users provide a natural-language grasp-and-place instruction at the local side (issue
at 5.5s and communication latency is 500ms). ST-OVSG builds a time-aware, open-vocabulary scene graph, and based on this, the LVLM generates a
latency-aware grasp-and-place plan at the remote side. Right: the robot executes the plan in sequence: it approaches the target, performs a stable grasp,
transports the object smoothly, and places it safely at the designated location.

6.0s, at which point the robotic arm begins executing the
corresponding plan. Compared to methods that ignore latency
(often manifesting as misgrabbing Orange B, oscillating
between the two oranges, or passive stagnation), after brief
evaluation or fine-tuning, this system enables the end-effector
trajectory of the robotic arm to monotonically converge
toward Orange A without oscillation or path crossing. During
the approach, the gripper’s pose remains well-aligned with
the pose of Orange A, ensuring a successful grasp. The
orange is then transported along a smooth trajectory and
is placed securely in the hand. In summary, the method
maintains temporally consistent alignment with the target
object even in the presence of execution delays.

V. DISCUSSION AND CONCLUSION

We proposed ST-OVSG, an open-vocabulary spatio-
temporal scene graph that provides dynamic, latency-tagged,
and retrieval-friendly environment representations to support
teleoperation. Our method mitigates their impact by reducing
the risk of operator instructions being misunderstood due
to local–remote state mismatches. ST-OVSG progressively
models dynamic environments into a task oriented spatio-
temporal graph, highlighting task-relevant information, alle-
viating redundancy, and providing explicit spatial and tem-
poral relations augmented with lightweight latency anno-
tations. These properties enable consistent object tracking
and retrieval across time that prior static representations
lack but are critical for reliable teleoperation. Experiments
demonstrate that, when coupled with an LVLM planner,
ST-OVSG enhances temporal reasoning and supports delay-
aware decision making without task-specific training, thereby
reducing referential errors under delayed perception and
communication. In future work, we plan to strengthen ro-
bustness under challenging visual conditions and pursue
end-to-end integration of scene modeling, delay annotation,

and planning to further improve long-horizon teleoperation
performance.
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