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Figure 1. World Scene Graph Generation (WSGG) Task Overview. Unlike standard VidSGG (left) that is constrained to the instanta-
neous camera view and discards objects once they exit the frame or get occluded, our proposed task (right) grounds scene understanding in
a global 3D world coordinate frame. WSGG requires a model to output a comprehensive world scene graph at each timestamp containing
all interacting objects in the environment. As shown at t = 30s, out-of-view objects (e.g., bed, laptop) remain localized in 3D, enabling
global, view-independent interpretable scene reasoning. Blue curves drawn from person to objects (right) represent relationships.

Abstract

Spatio-temporal scene graphs provide a principled repre-
sentation for modeling evolving object interactions, yet ex-
isting methods remain fundamentally frame-centric: they
operate primarily in 2D, reason only about currently vis-
ible objects, and discard entities upon occlusion. To ad-
dress these limitations, we introduce World Scene Graph
Generation (WSGG), a novel task that constructs a tem-
porally persistent world scene graph at each time step,
encompassing all interacting objects both observed and
unobserved in the scene. To support this task, we in-
troduce ACTIONGENOME4D, a dataset upgrading Ac-
tionGenome videos to 4D scenes, and establish initial base-
lines by adapting existing Video Scene Graph Generation
(VidSGG) methods. We then propose WORLDWISE, a sys-
tematic, object-centric framework that captures joint vi-
sual and 3D object representations and treats occlusion
as a natural masking signal, reconstructing missing fea-
tures via camera-pose-conditioned cross-attention over an
object’s visible history. Furthermore, we formulate Unlo-
calized WSGG (UWSGG) as a challenging spatial intelli-
gence task and present UWSGG-GRAPHRAG, a simple
yet strong baseline framework that leverages Multi-Modal
Large Language Models (MLLMs) and Graph-Based Re-
trieval. Thus WSGG advances VidSGG toward world-
centric, temporally persistent, 4D reasoning, providing a
structured world representation that can serve as the state
substrate for active sensing and closed-loop planning.

1. Introduction
Scene graphs provide a structured, interpretable representa-
tion of visual scenes by encoding objects as nodes and their
relationships as edges [35]. Despite significant progress in
generating scene graphs from images and video [11, 29],
the predominant paradigm remains fundamentally frame-
centric. Current models process frames independently to
predict flat, 2D scene graphs that lack both 3D spatial
grounding and temporal consistency. Consequently, when
an object becomes occluded or exits the camera’s field of
view, it simply vanishes from the graph. This frame-centric
representation (left, Figure 1) fundamentally contrasts with
how real-world agents perceive and act. Embodied agents
accumulate observations over time, maintaining a persistent
semantic memory of their environment and reasoning about
the evolving relationships of objects even when they are no
longer visible. Building such a persistent world representa-
tion is a prerequisite for active sensing deciding what and
when to observe, and for closed-loop planning that continu-
ously integrates new percepts with remembered state.

Developmental psychology has long recognized object
permanence [77] as a foundational prerequisite for physical
reasoning: the understanding that objects continue to ex-
ist when they leave our direct perception. Achieving such
world-centric scene understanding (right, Figure 1) from
monocular video requires three capabilities that existing
datasets do not jointly provide: (i) 3D spatial grounding of
all objects in a shared world coordinate frame, (ii) tempo-
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Figure 2. Hybrid 3D Reconstruction and Annotation. A human-in-the-loop pipeline with parallel geometric (top) and semantic (bottom)
streams. Geometric: (a) π3 reconstructs dense 3D point clouds; (b) PromptHMR anchors a canonical ground plane; (c) multi-scale erosion
fits 3D OBBs. Semantic: (e) An MLLM predicts attention, spatial, and contacting predicates from 2D AG priors. Manual: (d) A custom
4D tool corrects OBB trajectories; (f) a relationship tool verifies predicates. (bottom right: long-tailed predicate distribution).

Table 1. Comparison of different SGG Tasks
Task Input Spatial Temporal Localization Object Scope Coord. Unobs. Rel.

Dim. Frame Objects Persistence

Image SGG Image 2D ✗ 2D BBox Detected Image ✗ Per-frame
Video SGG Video 2D ✓ 2D BBox Detected / frame Image ✗ Cross-frame
3D SGG 3D Scan 3D ✗ 3D BBox All in scan Scene ✗ Per-scan
4D SGG Video + 3D 3D ✓ 3D BBox Detected / frame Scene ✗ Cross-frame
Panoptic SGG Image 2D ✗ 2D Mask Things + Stuff Image ✗ Per-frame
Panoptic VSGG Video 2D ✓ 2D Mask Things + Stuff Image ✗ Cross-frame

WSGG (ours) Video 3D ✓ 3D BBox World state World ✓ Through occlusion

rally consistent object identity and tracking across frames,
and (iii) dense semantic annotations between all interacting
objects, including unobserved objects that are present in the
scene but not visible in a given frame.

We aim to bridge this gap with two main contribu-
tions: a new task and a new dataset. We formalize the
task of WSGG, which generalizes conventional VidSGG
from frame-centric graphs to temporally persistent, world-
anchored scene graphs that account for all interacting ob-
jects in the world state. WSGG requires a model to (a) lo-
calize all objects via 3D oriented bounding boxes in a
shared world frame and (b) predict all pairwise relation-
ships between interacting objects, including those that re-
main unobserved. We first adapt existing VidSGG meth-
ods (STTran [11], DsgDetr [8]) to the WSGG setting by
augmenting them with a persistent memory buffer and 3D
geometric scaffolding. We then propose WORLDWISE, a
novel framework built on the Masked Auto-Encoder (MAE)
paradigm: it treats occlusions and camera motion as natu-
ral masking events and reframes unseen-object reasoning
as a structured completion problem. To this end, we in-
troduce ActionGenome4D, upgrading ActionGenome [29]
into a 4D spatio-temporal scene representation. We further

evaluate open-source MLLMs on unlocalized WSGG, and
present UWSGG-GRAPHRAG, a graph-based retrieval-
augmented generation framework for unlocalized WSGG1.

2. Related work
Scene graph generation has branched into several task vari-
ants2. Table 1 contrasts these formulations along eight
axes3. Scene graphs were first introduced as structured rep-
resentations that encode objects and their pairwise relation-
ships for static images [8, 35, 107]. Extending scene graphs
to video [11, 18, 29, 59, 65, 71]; 3D [17, 32, 33, 53, 62, 99];
4D scene graphs extend the 3D domain to the temporal di-
mension, reasoning about object-centric dynamics [44, 91].

3. Notation & Problem Description
Given an input video V T

1 = {It}Tt=1 of T monocular
frames, the world state Wt at timestamp t is the complete
set of objects in the scene, partitioned as Wt = Ot ∪ U t,
Ot ∩ U t = ∅, where Ot = {wt

k}
N(t)
k=1 are observed ob-

jects visible in It and U t = {wt
k}

M(t)
k=N(t)+1 are unobserved

objects occluded or out of view. All objects persist across
timestamps. A binary indicator vis(k, t) ∈ {0, 1} denotes
whether wt

k ∈ Ot, and Tt ∈ SE(3) gives the camera
pose. Objects. Each wt

k ∈ Wt has category ctk ∈ C
and a 3D oriented bounding box bt

k ∈ R8×3 (eight cor-
ners in world frame). Observed objects additionally carry

1Code and data will be made publicly available.
2Refer Appendix for extended survey.
3Object Scope: Things: countable objects; Stuff : amorphous regions

(e.g., wall, floor). 4D SGG methods require RGB-D or multi-view inputs.
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Figure 3. WorldWise Architecture. The forward pass consists of two main stages. Stage-1: Monocular 3D Detection. An input image
is passed through a frozen DINO V3 backbone to extract visual features, which are refined by a Multi-Scale Feature Pyramid Network.
A Region Proposal Network (RPN) and RoI Align extract object proposals, which are routed to parallel heads: a 2D Detection Head
for class logits and 2D bounding boxes, and a Factorized 3D Head predicting 3D dimensions (l, w, h), rotation (sin θ, cos θ), depth (z),
2D center offset (δ), and uncertainty (µ). Stage-2: World Scene Graph Generation. First, the Observed Objects Representation
Processing Unit (O-ORPU) encodes DINO visual features and 3D bounding box corners. An Object Encoder processes spatial context in
the camera frame, while camera extrinsics (π3) transform 3D corners into the world frame. These transformed coordinates are processed by
an Object Motion Encoder, Global Structural Encoder, and Camera Temporal Encoder to extract kinematic, global layout, and ego-motion
contexts. Next, the Unobserved Objects Representation Processing Unit (U-ORPU) aligns these features via Semantic and Geometric
Projectors. To infer object permanence under occlusion, projected features are fused with learnable object feature vectors and processed
by a Masked Autoencoder with spatial positional encoding, yielding unified representations for all entities. Finally, the Relationship
Representation Processing Unit (RRPU) refines these dense node features using an Object Spatial Representation Processing Unit for per-
frame structural interactions, followed by a Spatio-Temporal Representation Processing Unit to aggregate temporal dynamics. Decoders
(object and predicate classifiers), output the final nodes and edges of the world scene graph.

a 2D bounding box dt
k ∈ R4. Relationships. Each ob-

ject pair (wt
i , w

t
j) may exhibit multiple predicates {ptijk}k

with ptijk ∈ P , defining relationship instances rtijk =

(wt
i , p

t
ijk, w

t
j). Scene Graphs. The frame-level scene graph

Gt = {rtijk | wt
i , w

t
j ∈ Ot} covers observed objects only,

while the world scene graph GtW = {rtijk | wt
i , w

t
j ∈ Wt}

spans all interacting objects. Each observed object has a
visual feature f tk ∈ Rdroi . Definition. (1) VidSGG builds
frame-level graphs {Gt}Tt=1: detecting observed objects and
predicting their pair-wise relationships. (2) WSGG con-
structs GtW at each t, requiring: (a) estimating 3D OBBs bt

k

for all wt
k ∈ Wt, and (b) predicting all pair-wise relation-

ships for all objects in the scene, whether visible or not.
4. ActionGenome4D Dataset
The annotation pipeline (Figure 2) employs parallel geo-
metric and semantic streams with human-in-the-loop re-
finement. (a) 3D Scene Construction. We reconstruct per-
timestamp 3D scenes from egocentric AG [29] videos us-
ing the π3 [87] feed-forward model, which jointly esti-
mates per-pixel 3D points, confidence scores, and camera-
to-world SE(3) poses {Tt} in a single pass. An optical-
flow-guided adaptive sampler selects keyframes captur-

ing significant motion. Residual pose drift is cor-
rected via iterative bundle adjustment that jointly refines
poses and 3D points by minimising reprojection error.
(b,c) Geometric Annotation. We produce world-frame
OBBs bt

k ∈ R8×3 for every object through: GDINO [46]
detection fused with GT annotations, SAM2 [67] seg-
mentation, PromptHMR [86]-based floor determination
(RANSAC alignment of SMPL meshes recovers metric
scale and ground-plane orientation), and PCA-based OBB
fitting with multi-scale erosion (kernels {0, 3, 5, 7, 10} px)
followed by Kalman + RTS smoothing for temporal con-
sistency. (e) Semantic Annotation. AG4D extends AG
with dense relationship labels for all objects in Wt in-
cluding unobserved ones. The predicate set P spans three
axes: attention (3 labels, single), spatial (6, multi), and
contacting (17, multi). An MLLM bootstraps annota-
tions from 2D AG priors and object queries (Section L).
(d,f) Manual Correction. Annotators use a custom 3D
viewer to adjust OBB positions, rotations, and trajecto-
ries (d), and a relationship correction tool to verify and fix
predicted predicates (f). Quality. The automated pipeline
achieves mean IoU3D of 0.385; human refinement raises
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inter-annotator 3D IoU to >0.9. The Label Flip Rate (LFR)
tracks predicate corrections. Inter-annotator study on 200
videos yields consensus of ≥ 90% for all predicate types.

5. World Scene Graph Generation
We present WorldWise, a novel architecture for WSGG
built upon the Masked Auto-Encoder (MAE) paradigm that
treats occlusions as natural masking events and reframes
unseen-object reasoning as a structured completion prob-
lem. As shown in Figure 3, WorldWise comprises:
Observed Objects RPU (O-ORPU). Encodes all avail-
able signals for visible objects into per-object per-frame
tokens. A GlobalStructuralEncoder converts world-frame
3D OBB corners (8×3) into structural tokens via MLP pro-
jection with max-pooled global context. An ObjectSpatia-
lEncoder derives view-dependent features from camera ex-
trinsics T = [R | τ ], computing per-object direction, view
alignment, and azimuth features enabling the model to dis-
tinguish field-of-view egress from physical occlusion. A
CameraTemporalEncoder captures long-range ego-motion
via relative-pose encoding with self-attention, and an Ob-
jectMotionEncoder computes 3D velocity, acceleration, and
camera-relative motion from world-frame OBB centers.
Unobserved Objects RPU (U-ORPU). Bridges observed
and unobserved objects via two sub-modules. The Scaffold-
Tokenizer performs top-down initialization: every object re-
ceives a token at every frame regardless of visibility. Vis-
ible objects receive projected visual features; occluded ob-
jects receive a learnable e[MASK]. During training, a fraction
pmask of visible objects are artificially masked. All modali-
ties (geometry, visual/mask, camera, motion) are fused via
linear projection. The AssociativeRetriever restores masked
states via per-object bidirectional cross-attention across the
full video. Attention is asymmetric: queries span all frames
while keys/values are restricted to visible frames. Camera-
pose features are injected into Q/K projections (not V) to

Table 2. PredCls results on ActionGenome4D.
Recall (R@K) Mean Recall (mR@K)

With Constraint No Constraint With Constraint No Constraint

Method R@10 R@20 R@50 R@10 R@20 R@50 mR@10 mR@20 mR@50 mR@10 mR@20 mR@50

W-STTran 63.59 66.53 66.54 79.49 94.06 99.63 33.58 37.47 37.47 49.51 72.75 94.11
W-STTran++ 64.28 67.24 67.25 80.04 94.34 99.58 33.73 37.82 37.83 51.52 73.31 94.75

W-DsgDetr 63.27 66.26 66.27 79.73 94.17 99.60 32.70 36.51 36.51 51.38 73.27 94.59
W-DsgDetr++ 63.58 66.54 66.55 79.59 93.98 99.56 33.21 37.49 37.49 51.87 73.26 94.39

WorldWiseDinoV2b 64.04 66.94 66.95 79.82 94.23 99.65 33.30 37.31 37.32 50.61 72.10 94.08
WorldWiseDinoV2L 64.53 67.46 67.47 80.22 94.23 99.68 33.85 37.87 37.87 50.46 71.99 94.98
WorldWiseDinoV3L 65.41 68.41 68.42 80.99 94.48 99.72 33.41 38.29 38.30 52.81 74.86 95.19

Table 3. SGDet results on ActionGenome4D.
Recall (R@K) Mean Recall (mR@K)

With Constraint No Constraint With Constraint No Constraint

Method R@10 R@20 R@50 R@10 R@20 R@50 mR@10 mR@20 mR@50 mR@10 mR@20 mR@50

W-STTran 40.53 55.34 65.48 25.42 37.20 56.08 6.63 14.36 23.03 15.58 29.07 53.74
W-STTran++ 43.02 58.33 69.21 26.60 37.90 56.24 8.46 17.25 27.06 18.73 32.83 55.57

W-DsgDetr 39.58 54.39 64.53 25.90 37.40 55.92 6.83 14.40 22.75 15.03 27.49 52.38
W-DsgDetr++ 43.39 58.69 69.50 26.87 38.20 56.75 8.85 18.21 28.60 18.51 32.65 56.05

WorldWiseDinoV2b 41.34 56.56 67.76 27.60 39.16 56.11 9.55 20.41 30.00 19.96 31.98 53.71
WorldWiseDinoV2L 42.05 57.18 69.44 28.54 40.34 56.69 10.50 21.46 33.48 22.39 36.51 54.18
WorldWiseDinoV3L 40.14 57.21 70.93 26.90 37.99 52.85 9.54 21.61 35.53 21.35 34.41 55.68

bias retrieval toward similar viewpoints while keeping re-
trieved content purely visual. A learned VisibilityEmbed-
ding signals whether token was observed or reconstructed.
Relationship RPU (RRPU). Refines unified node features
via two stages: an InterObjectTransformer applies pairwise
3D spatial positional encodings (inter-object distances, di-
rection vectors, log-volume ratios) over the full world state;
then a spatio-temporal module concatenates node features,
union ROI features, and CLIP text embeddings, with intra-
frame self-attention and cross-frame temporal attention.

An object classifier (2-layer MLP) predicts class log-
its; three predicate heads output attention (softmax), spatial
and contacting (sigmoid) probabilities. A cross-view recon-
struction head provides self-supervised signal on artificially
masked objects. The loss combines scene-graph predic-
tion (LSG, split into visible and VLM-pseudo-labeled un-
seen pairs), reconstruction MSE (Lrecon), and a simulation
loss (Lsim) that re-predicts relationships for masked objects
against clean GT. Tables 2 and 3 report Predicate Classifica-
tion (PredCls) and Scene Graph Detection (SGDet) results.
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B. Motivation
Scene graph generation has matured considerably since
the introduction of Visual Genome [35], yet the dominant
paradigm remains frame-centric: a model observes a single
image or a short video clip and outputs a flat graph whose
nodes are the objects detected in the current view and whose
edges encode pairwise semantic relationships. This design
inherits three fundamental limitations:

1. View dependence. Every output graph is anchored to
the camera’s image plane. Object positions are ex-
pressed as 2D bounding boxes whose coordinates shift
as the camera moves, offering no shared spatial refer-
ence frame.

2. Observation gating. Objects exist in the graph only if
they are detected in the current frame. When an object
leaves the field of view or becomes occluded it is silently
dropped from the graph. Thus, there is no mechanism to
retain its identity, location, or past relationships.

3. Temporal fragmentation. VidSGG methods that in-
corporate temporal modeling (e.g., STTran [11], Tem-
pura [59], ImparTail [65]) process a sliding window of
frames and produce per-frame graphs without a persis-
tent, globally consistent world model.

These limitations are tolerable for image retrieval or cap-
tioning, where a snapshot summary suffices. They become
critical, however, for downstream tasks that require persis-
tent world-state reasoning: robotic manipulation that must
track tools after they leave the camera, embodied navigation
that builds a spatial memory of traversed rooms, and activ-
ity understanding that reasons about long-horizon human–
object interactions spanning minutes.

Object Permanence as a Design Principle. Developmen-
tal psychology has long recognized object permanence [77]
as a foundational cognitive milestone: the understanding
that objects continue to exist when they leave direct per-
ception. Infants as young as four months exhibit surprise
when an object that was hidden behind a screen fails to reap-
pear, implying an internal model of the world that persists
beyond the immediate sensory input. This principle moti-
vates our core design decision. A world-centric scene graph
must maintain a complete inventory of all interacting ob-
jects known to exist in the environment; both observed (Ot)
and unobserved (U t). It must predict relationships involv-
ing every interacting object at every timestamp, regardless
of its current visibility. Concretely, the world scene graph
GtW must cover observed–observed, observed–unobserved,
and unobserved–unobserved object pairs.

B.1. Gaps in Existing Benchmarks
Table 4 compares existing SGG task formulations along
eight diagnostic axes. Several observations motivate the
need for WSGG: Video SGG (e.g., Action Genome [29],

Table 4. SGG Tasks. Bold entries highlight the unique capabili-
ties of WSGG.

Task Input Spatial Temporal Localization Object Scope Coordinate Unobserved Relationship
Dimension Frame Objects Persistence

Image SGG Image 2D ✗ 2D BBox Detected Image ✗ Per-frame
Video SGG Video 2D ✓ 2D BBox Detected / frame Image ✗ Cross-frame
3D SGG 3D Scan 3D ✗ 3D BBox All in scan Scene ✗ Per-scan
4D SGG Video + 3D 3D ✓ 3D BBox Detected / frame Scene ✗ Cross-frame
Panoptic SGG Image 2D ✗ 2D Mask Things + Stuff Image ✗ Per-frame
Panoptic VSGG Video 2D ✓ 2D Mask Things + Stuff Image ✗ Cross-frame

WSGG (ours) Video 3D ✓ 3D BBox World state World ✓ Through occlusion

VidVRD [71]) operates in 2D, restricts the object scope to
currently detected objects, and provides no world coordi-
nate frame. Relationships are defined only within individ-
ual frames or short temporal windows. 3D SGG (e.g., 3D
scene graphs from point clouds [32, 33]) localizes objects in
a shared 3D coordinate frame but lacks any temporal dimen-
sion: the graph is a static snapshot of a reconstructed scene.
4D SGG [91, 94] combines 3D localization with tempo-
ral reasoning but typically requires multi-view or RGB-
D input, restricts the object scope to per-frame detections,
and does not maintain relationships for unobserved objects.
Panoptic (V)SGG [93] enriches the object vocabulary to
include both things and stuff but remains image-plane an-
chored and does not reason about occluded or out-of-view
entities. No existing benchmark jointly satisfies the three re-
quirements that define WSGG: (i) 3D spatial grounding in
a world coordinate frame, (ii) temporally persistent object
identity and tracking, and (iii) dense semantic annotations
for all interacting objects.

B.2. Why Monocular Video?
Although multi-view or RGB-D setups simplify 3D recon-
struction, they impose hardware requirements that are in-
compatible with many practical deployment settings. Ego-
centric and surveillance videos, internet video, and au-
tonomous driving footage are overwhelmingly monocular.
By grounding WSGG on monocular input, we maximize
applicability while simultaneously posing the harder per-
ceptual challenge. Advances in feed-forward monocular
3D reconstruction (π3 [87]) make it feasible to recover
metrically consistent world-frame geometry from a single
video, closing the gap between monocular and multi-view
pipelines for the purpose of object localization and scene
graph construction.
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Figure 5. World Scene Graph Generation (WSGG). Left: Standard Video Scene Graph Generation (VidSGG) is anchored to the
instantaneous camera view. Objects are localized as 2D bounding boxes in the image plane, and relationships are predicted only for
currently detected entities. When an object exits the field of view or becomes occluded, it is silently dropped from the graph along with
all of its relationships, resulting in an incomplete and temporally fragmented scene understanding. Right: Our proposed WSGG task
grounds scene understanding in a persistent, global 3D world coordinate frame. Every object in the environment is represented by a 3D
oriented bounding box (OBB) that persists across frames, regardless of whether the object is currently visible in the camera view. At each
timestamp, the model outputs a complete world scene graph containing all known objects; observed (Ot) and unobserved (U t); together
with their pairwise semantic relationships (attention, spatial, and contacting predicates). As illustrated at t=30s, objects that have left the
camera’s field of view (e.g., bed, laptop) remain precisely localized in 3D world coordinates, enabling the model to continue predicting
meaningful relationships for them. Blue curves drawn from person to objects denote predicted relationships. This view-independent,
temporally persistent representation supports downstream tasks such as embodied navigation, robotic manipulation, and long-horizon
activity understanding that require reasoning about the full state of the world, not just its currently visible slice.

C. Extended Related Work

C.1. Structured Scene Understanding
Scene graphs were first introduced as structured represen-
tations that encode objects and their pairwise relationships
for static images [8, 35, 107]. SGTR [41] formulated end-
to-end scene graph generation via Transformers that jointly
predict entity and predicate proposals, while scene graph
generation from natural language supervision [104] bridges
vision–language alignment with structured scene represen-
tations. Environment-invariant curriculum relation learn-
ing [57] progressively trains on harder relational patterns
for fine-grained SGG.

Extending scene graphs to the temporal domain re-
quires modeling how relationships evolve across frames.
The Video Visual Relation Detection (VidVRD) bench-
mark [71] first formalised this task, while the Action
Genome (AG) dataset [29] introduced compositional spatio-
temporal scene graphs grounded in human-object interac-
tions. Following AG, several Transformer-based methods
have been proposed: STTran [11] captures intra-frame spa-
tial context and inter-frame temporal evolution via dual
spatial-temporal attention; memory-augmented architec-
tures [18] exploit long-term temporal dependencies; Tem-
pura [59] mitigates predicate-level imbalance; and Impar-
Tail [65] addresses unbiased and robust spatio-temporal
scene graph generation. Recent methods further pushed
architectural boundaries: OED [81] is a one-stage end-to-
end VidSGG pipeline; UNO [37] unifies one-stage VidSGG

via object-centric visual representation learning; Hyper-
GLM [61] introduces a hypergraph approach; and action
scene graphs [69] enable long-form understanding of ego-
centric videos. Panoptic VidSGG [93] extends scene graphs
to jointly reason about stuff and thing regions. Scene-
Sayer [64] formalised Scene Graph Anticipation (SGA).

Weakly-Supervised and Open-Vocabulary approaches
have also gained traction: natural language supervision [31]
for weakly-supervised VidSGG; TRKT for temporal-
enhanced weakly-supervised [92] knowledge transfer-
ring; LLM4SGG [30] for LLM-guided weakly-supervised
SGG; zero-shot visual relation detection via compos-
ite visual cues from LLMs [39]; zero-shot local SGG
via foundation models [102]; and VLPrompt [105] for
vision-language prompting in panoptic SGG. Additional
Transformer-based VidSGG methods include: SKET [66],
which embeds spatial-temporal knowledge into the Trans-
former; EGTR [28], which extracts graphs directly from
Transformers; SpGLT [90], which combines global-local
Transformer features with pose-aware visibility matrices;
SceneLLM [100], which leverages implicit language rea-
soning in LLMs; and TD2-Net [45], which jointly denoises
and debiases dynamic scene graphs.

3D and 4D Scene Graph Generation Departing from the
2D setting, 3D scene graphs encode objects and their re-
lationships in a shared world coordinate frame. 3D scene
graphs were pioneered [32] as sparse, semantic representa-
tions for intelligent agents. 3D spatial multimodal knowl-



edge accumulation [17] advanced scene graph prediction in
point clouds. SGRec3D [33] performs self-supervised 3D
scene graph learning via object-level reconstruction; open-
vocabulary functional 3D scene graphs [99] target real-
world indoor spaces; and Nyffeler et al. [62] construct hi-
erarchical 3D scene graphs outdoors. Statistical confidence
rescoring [97] improves robust 3D SGG from multi-view
images, and FROSS [25] achieves faster-than-real-time on-
line 3D semantic SGG from RGB-D images. 4D scene
graphs extend the 3D domain to the temporal dimension.
4D panoptic scene graph generation [94] extends scene
graphs to the joint spatial-temporal-panoptic domain; learn-
ing 4D panoptic scene graphs from rich 2D visual scenes
was explored in [91]; and RealGraph [44] contributes a
multi-view dataset for 4D real-world context graphs.

Scene Graph Applications. Scene graphs have been
applied beyond recognition: semantic image manipula-
tion [13] and MIGS [16] demonstrate their utility for con-
trollable synthesis; dynamic graph representations [21]
have been used for video dialog; SSGVS [12] synthesises
videos from semantic scene graphs; Relationformer [73]
provides a unified framework for image-to-graph genera-
tion; and HIG [60] uses hierarchical interlacement graphs
for video understanding. In robotics, Scene Graph Mem-
ory [36] models dynamic environments, relational predi-
cate grounding [56] learns spatial and contact relationships
from interactive manipulation, and ESCA [27] contextu-
alises embodied agents via SGG.

C.2. Vision-Language Models for Spatial Under-
standing

VLMs have recently been adapted for spatial understanding
tasks that require reasoning about 3D geometry and object
relationships from visual input. SpatialVLM [5] endows
VLMs with spatial reasoning through internet-scale spatial
data; SpatialRGPT [9] grounds spatial reasoning through
depth-aware region representations; SpatialBot [2] enables
precise spatial understanding with depth integration; SD-
VLM [7] encodes depth directly for spatial measuring;
See&Trek [40] introduces training-free spatial prompting
of multimodal LLMs; fine-grained preference optimiza-
tion [72] and perspective-aware reasoning via mental im-
agery simulation [38] improve VLM spatial capabilities;
Struct2D [106] is a perception-guided framework for spa-
tial reasoning in large multimodal models; spatial relation
capture by transformers was investigated in [88]; and Spa-
tialMLLM [89] boosts MLLM capabilities in visual-based
spatial intelligence. Benchmarks such as SITE [84], STI-
Bench [43], and CoSpace [108] evaluate whether MLLMs
are ready for precise spatial-temporal world understanding.

A growing line of work endows VLMs with explicit
3D understanding. SpatialLLM [52] is a compound 3D-
informed design towards spatially-intelligent large multi-

modal models; SpatialReasoner [51] enables explicit and
generalizable 3D spatial reasoning; SpatialLM [54] trains
large language models for structured indoor modeling; scal-
able spatial intelligence via 2D-to-3D data lifting was pro-
posed in [55]; LayoutVLM [78] introduces differentiable
optimisation of 3D layout via vision-language models;
MindJourney [95] leverages test-time scaling with world
models for spatial reasoning; and learning from videos
with 3D vision-geometry priors [103] enhances multimodal
LLMs.

C.3. Neural Memory Models
Modern Hopfield networks and dense associative mem-
ories offer exponential storage capacity [1, 10, 26, 50]
and differentiable retrieval dynamics, making them attrac-
tive for architectures requiring persistent state. The Hop-
field framework has been extended to long sequences as
attention-compatible memory layers [4], while biological
extensions [34] and connections to diffusion models [23,
24] have broadened the theoretical foundations. These
mechanisms have been integrated into large-scale models:
CAMELoT [22] serves as a training-free associative mem-
ory for frozen LLMs, M+ [85] scales knowledge retention
via long-term memory, and CLOOB [20] for contrastive
vision-language pre-training.

Prototypical networks. [76] introduced the idea of learn-
ing a metric space in which classification is performed by
computing distances to prototype representations of each
class, establishing a foundational framework for few-shot
learning. This paradigm has been extended in several di-
rections: Graph Prototypical Networks [14] adapt prototyp-
ical representations to attributed networks, enabling few-
shot node classification by constructing a pool of semi-
supervised tasks that mimic the test environment; ProFu-
sion [101] augments prototypical networks with multimodal
feature fusion, constructing image, text, and fused pro-
totypes from vision-language pre-trained models for ro-
bust few-shot classification; prototype memory [75] scales
prototypical representations for large-scale face recogni-
tion; and training-free prototype calibration [82] addresses
few-shot class-incremental learning by adjusting prototypes
without retraining. In the context of scene graph gen-
eration, RA-SGG [98] proposes retrieval-augmented SGG
via multi-prototype learning, where multiple prototypes per
predicate class capture the diversity of visual relationship
appearances and mitigate the long-tail distribution problem
inherent in relationship annotations.



D. 3D Scene Construction Details

We construct per-timestamp 3D scene representations from
egocentric Action Genome [29] videos using a feed-forward
neural reconstruction model followed by post-hoc geomet-
ric alignment. The pipeline comprises four stages: (i) frame
sampling and preprocessing, (ii) feed-forward 3D inference
via the π3 [87] model, (iii) static–dynamic scene decompo-
sition, and (iv) per-frame alignment via trimmed Iterative
Closest Point (ICP) with weighted Kabsch fitting.

4D Scene Representation. The output of the pipeline is a
single 4D scene per video:

4D Scene =
(

S︸︷︷︸
static background

,
{

(F t, Tt)︸ ︷︷ ︸
per-frame dynamic

}T

t=1

)
(1)

where S is the static background point cloud (built once
and shared across all frames), F t is the per-frame dynamic
point cloud for frame It, and Tt ∈ R4×4 is the ICP-refined
camera-to-world pose. This 4D scene provides the geomet-
ric substrate from which the world state Wt is populated:
object detections within each frame’s point cloud F t yield
the 3D oriented bounding boxes bt

k for all interacting ob-
jects, while the refined poses Tt enable camera-relative rea-
soning for visibility determination. This representation sup-
ports two use cases:
• World-frame 3D bounding boxes: Per-frame fore-

ground points provide the geometric basis for fitting OBB
annotations to each object.

• Scene graph construction: The grounded full-frame rep-
resentation provides complete spatial context for reason-
ing about relationships across time.

D.1. Adaptive Frame Sampling via Feature Descrip-
tor Matching

Raw Action Genome [29] videos are captured at 24–30 fps,
producing substantial temporal redundancy. Rather than
uniform subsampling (e.g., every k-th frame), we employ
a Feature Descriptor Sampler that adapts its density to
camera/object motion: it retains more frames during rapid
motion and fewer during static shots, using SIFT feature
matching [49] and RANSAC homography estimation [19]
to quantify visual overlap.

Homography-Based Overlap Estimation. The overlap
between a retained reference frame IA and a candidate
frame IB is estimated in four stages:

1. SIFT extraction: Both frames are converted to
grayscale and SIFT [49] keypoints K and 128-d descrip-
tors D are extracted. If either frame yields < 4 key-
points, the overlap defaults to 0.

Algorithm 1 Greedy Frame Selection by Visual Overlap

Require: Frames {I0, . . . , IT−1}, threshold τ
Ensure: Selected frame indices S

1: S ← {0}; Iref ← I0
2: for t = 1, . . . , T − 1 do
3: α← HomographyOverlap(Iref, It)
4: if α < τ then ▷ Sufficient new content
5: S ← S ∪ {t}; Iref ← It
6: end if
7: end for
8: return S

2. Feature matching: Descriptors in IA are matched to IB
via brute-force k-NN (k=2) with Lowe’s ratio test [49]
(ρ = 0.75), retaining only matches where the best can-
didate is substantially better than the second-best:

G =
{
(i, j) : ∥dA

i − dB
j1∥2 / ∥d

A
i − dB

j2∥2 < ρ
}
. (2)

3. RANSAC homography: A projective transformation
H ∈ R3×3 mapping IB into IA’s coordinate frame is
estimated from the good matches via RANSAC [19] (re-
projection threshold 4.0 px, 2000 iterations, 0.995 con-
fidence). The homography is rejected if < 4 inliers re-
main.

4. Polygon intersection: The four corners of IB are
warped into IA’s frame via H, and the visual overlap
is the normalised intersection area:

α =
Area(PA ∩ P ′

B)

Area(PA)
∈ [0, 1], (3)

where PA is the frame A rectangle and P ′
B is the warped

frame B quadrilateral, computed using the Shapely ge-
ometry library.
While Action Genome scenes are not strictly planar, the

homography provides a sufficiently accurate alignment for
overlap estimation in indoor environments dominated by
large planar surfaces (walls, floors, tables). The RANSAC
inlier ratio also serves as an implicit quality measure; low
inlier counts indicate strong parallax or dynamic content,
both signals of significant visual change.

Greedy Adaptive Selection. Given a video with T
frames and an overlap threshold τ = 0.95, Algorithm 1
greedily builds the selected set S. The reference Iref ad-
vances only upon frame retention, creating a natural tempo-
ral hysteresis: the reference stays fixed during static shots
(skipping many near-duplicates) and advances rapidly dur-
ing camera or object motion. At τ = 0.95, any frame
contributing ≥ 5% novel visual content relative to the cur-
rent reference is kept. The overlap-based criterion mir-
rors keyframe insertion in visual SLAM [58] and SfM [70],



where a new keyframe is triggered once tracked-feature
counts fall below a reference threshold; a condition equiva-
lent to low homography overlap. Our formulation makes
this criterion geometrically explicit. Thus, the sampler
compresses Action Genome videos from ∼900–9000 raw
frames to ∼30–150 frames.

Caveats: (a) To preserve all supervised training tar-
gets, every frame carrying a ground-truth bounding-box
annotation is unconditionally added after overlap filtering:
S ← sort(S ∪ Aannotated). (b) If the resulting set contains
fewer than Kmin = 17 frames, the sampler reverts to uni-
form subsampling at stride ∆ = max(1, ⌊T/Kmin⌋) and
re-injects annotated frames, ensuring enough distinct view-
points for reliable 3D reconstruction.

D.2. Feed-Forward 3D Inference via π3

We employ the π3 [87] model, a feed-forward neural net-
work for visual geometry reconstruction. Given N unposed
images, π3 jointly predicts per-pixel 3D points, per-pixel
confidence scores, and camera-to-world SE(3) poses in a
single forward pass, without requiring a designated refer-
ence view. The model uses a frozen DINOv2-Large [63]
encoder and a permutation-equivariant transformer decoder
with alternating intra-view and cross-view attention, ensur-
ing the reconstruction is invariant to the ordering of input
views. We use π3 as a black-box reconstruction module;
we refer the reader to [87] for full architectural details.

Input Frame Preparation. From the selected frame set
S, we prepare two parallel sets of inputs: (a) Static frames:
Inpainted versions in which all dynamic foreground objects
(persons, interacted objects) have been removed via rect-
angular mask inpainting, depicting only the static back-
ground. (b) Dynamic frames: The original unmodified
video frames at the same indices, containing all actors and
objects in their natural positions. Both sets share identical
indices and resolution to enable pixel-level correspondence
between the reconstructions.

Inference Procedure. The static and dynamic frame sets
are processed in two independent forward passes in mixed
precision (bfloat16/float16). Each pass takes N frames
batched as a tensor of shape (1, N, 3, H,W ) and produces
all outputs simultaneously. This independence is critical:
the two reconstructions inhabit different, unaligned world
coordinate systems, necessitating the geometric alignment
described in Section D.4. For a set of N input images, the
model jointly estimates the quantities summarized in Ta-
ble 5.

Post-Processing. Two filtering steps are applied to the
raw predictions before downstream use: (i) Depth-edge
suppression: pixels at depth discontinuities (relative depth

Table 5. Quantities estimated by the π3 model for N input views
at resolution H ×W .

Quantity Shape Type Description

Local points (N,H,W, 3) float32 Per-pixel 3D coordinates in camera frame
World points (N,H,W, 3) float32 Per-pixel 3D coordinates in world frame
Confidence (N,H,W, 1) float32 Per-pixel reliability score ∈ [0, 1]
Camera poses (N, 4, 4) float32 Camera-to-world SE(3) matrices

difference > 3% in a 3×3 neighborhood) have their con-
fidence set to zero; (ii) Confidence thresholding: points
below τstatic = 0.1 (static background) or τframe = 0.01 (per-
frame dynamic) are discarded. World-frame 3D points are
obtained by applying the predicted camera-to-world pose
Ti to the local points via homogeneous transformation:
pworld = (Ti · p̃local)1:3.

D.3. Static-Dynamic Scene Decomposition
The two-pass inference strategy produces complementary
scene representations:

Static Scene. The static reconstruction uses inpainted
frames as input, yielding a clean, object-free 3D point cloud
of the background environment. This point cloud is con-
structed by:
1. Applying a confidence threshold τstatic = 0.1 to filter

low-quality points.
2. Suppressing near-black pixels (per-channel intensity ≤

8) that coincide with low confidence (c < 1.0), which
removes inpainting artifacts that often manifest as dark,
uncertain regions.

3. Removing all points with non-finite coordinates (NaN or
Inf).
The resulting point cloud S = {(sj , crgb

j )}Mj=1 provides a
stable geometric reference frame for subsequent alignment.
The static scene is computed once per video and serves as
the persistent, time-invariant component of the 4D scene.

Dynamic Scene. The dynamic reconstruction uses origi-
nal (unmodified) frames, producing per-frame point clouds
that include all actors and objects. Each frame t yields a set
of world-frame 3D points Dt = {(dt

k, c
t,rgb
k )} and camera

pose Tdyn
t .

D.4. Per-Frame Geometric Alignment via Trimmed
ICP

Since the static and dynamic scenes are reconstructed inde-
pendently (through separate feed-forward passes of the π3

model), their world coordinate frames are not aligned. We
register each dynamic frame’s point cloud to the static back-
ground via Trimmed Iterative Closest Point (ICP) with
confidence-weighted Kabsch fitting. This can be viewed
as a form of post-hoc bundle adjustment that refines both



Algorithm 2 Trimmed ICP with Weighted Kabsch Align-
ment
Require: Source points A = {ak}Kk=1 ⊂ R3 (dynamic

frame)
Require: Target points B = {bj}Mj=1 ⊂ R3 (static back-

ground)
Require: Per-point confidence weights {wk}Kk=1

Require: Parameters: Imax = 100, ϵ = 10−5, ρ = 0.8
Ensure: Rigid transform (Rtotal, τtotal)

1: Build KD-tree T on target B
2: Rtotal ← I3, τtotal ← 0
3: A′ ← A ▷ working copy
4: for iter = 1 to Imax do
5: ({dk}, {nnk})← T .query(A′, k = 1) ▷ nearest

neighbors
6: V ← {k : dk <∞} ▷ valid correspondences
7: δ ← Percentile({dk}k∈V , ρ · 100) ▷ trimming

cutoff
8: V ← {k ∈ V : dk ≤ δ} ▷ keep closest ρ fraction
9: if |V| < 10 then

10: break
11: end if
12: (Rinc, τinc)←WeightedKabsch(A′

V , BnnV , {wk}k∈V)
13: Rtotal ← Rinc ·Rtotal
14: τtotal ← Rinc · τtotal + τinc
15: A′ ← (Rinc ·A′⊤)⊤ + τ⊤

inc ▷ update source
16: e← 1

|V|
∑

k∈V ∥a′k − bnnk∥2 ▷ MSE
17: if |eprev − e| < ϵ then
18: break ▷ converged
19: end if
20: end forreturn (Rtotal, τtotal)

the 3D point positions and camera poses to be consistent
with the static reference frame.

Algorithm Overview. For each frame t, the alignment
proceeds according to Algorithm 2. The source cloud is
the dynamic frame’s point set Dt, and the target is the static
background S.

Weighted Kabsch Algorithm. At each ICP iteration, the
optimal rigid transformation aligning source correspon-
dences AV to target correspondences BV is found by solv-
ing the weighted least-squares problem:

R∗, τ ∗ = argmin
R∈SO(3), τ∈R3

∑
k∈V

wk∥Rak + τ − bnnk∥2 (4)

where wk is the per-point confidence from the π3 model’s
sigmoid-activated confidence output. The closed-form so-
lution proceeds as follows:

1. Weighted centroids:

µA =

∑
k wkak∑
k wk

, µB =

∑
k wkbk∑
k wk

(5)

2. Cross-covariance matrix:

H =
∑
k∈V

wk(ak − µA)(bk − µB)
⊤ ∈ R3×3 (6)

3. SVD decomposition: H = UΣV⊤

4. Optimal rotation with reflection correction:

R∗ = V · diag
(
1, 1, det(VU⊤)

)
·U⊤ (7)

The diagonal correction ensures det(R∗) > 0, i.e.,
R∗ ∈ SO(3).

5. Optimal translation:

τ ∗ = µB −R∗µA (8)

Trimming Strategy. Standard ICP is sensitive to outlier
correspondences particularly problematic here because dy-
namic objects (persons, manipulated items) are present in
the source but absent from the static target. These points
will inevitably match to incorrect static surface regions. We
employ trimmed ICP with fraction ρ = 0.8: at each itera-
tion, only the closest 80% of correspondence pairs (ranked
by Euclidean distance) are retained for the Kabsch fit. This
allows up to 20% of source points to be outliers without
corrupting the alignment.

Camera Pose Refinement. The ICP-derived rigid trans-
form Ticp ∈ SE(3) is composed with the π3-predicted cam-
era pose to produce a refined pose aligned to the static refer-
ence frame. For camera-to-world (c2w) convention poses:

Trefined
t = Ticp ·Tdyn

t (9)

This follows from the fact that points in the dynamic world
frame are transformed as p′ = Ticp · p, so the camera-to-
world mapping must be left-multiplied by the same trans-
form. For the world-to-camera (w2c) convention we follow:

Erefined
t = Edyn

t ·T−1
icp (10)

D.5. Mask-Aware Scene Merging
For the final 4D scene construction, we leverage pre-
computed interaction segmentation masks to selectively
merge dynamic content with the static background. Per-
frame binary interaction masks Mt ∈ {0, 1}H×W are
loaded from pre-computed segmentation outputs (from the
SAM2 segmentation pipeline).



Table 6. Scene construction pipeline parameters.

Parameter Value Description

Backbone DINOv2-L (ViT-L/14) Frozen encoder with registers
Decoder depth 36 layers Alternating intra-/cross-view attn
Positional encoding RoPE2D (f=100) 2D rotary position embeddings
Precision bfloat16 / float16 Mixed-precision inference
Frame sampling 10 Temporal stride for selection
τstatic 0.1 Confidence thr. (static scene)
τframe 0.01 Confidence thr. (dynamic)
Depth-edge rtol 0.03 Rel. tolerance for edge suppres-

sion
ICP iterations 100 (max) Early stop at ϵ=10−5

Trim fraction ρ 0.8 Keep closest 80% of corresp.
Dynamic voxel 0.01 m Per-frame point reduction
Merge voxel 0.02 m Static–dynamic overlap removal
Vertical FOV 0.96 rad (≈ 55◦) Pinhole camera model

Point Partitioning. For each frame t, the dynamic
frame’s valid points are split into two sets: (1) Dall

t : All
valid points (used for ICP alignment). (2) Dfg

t = {k ∈
Dall

t : Mt(pixel(k)) > 0}: Foreground-only points (used
for merging).

Selective Merging Procedure. The merging follows a
two-stage approach:
1. ICP alignment (full frame): The ICP registration (Sec-

tion D.4) uses all valid dynamic points Dall
t in frame t—

including both foreground and background—to estimate
the rigid transform T

(t)
icp . Using the full frame ensures a

robust fit dominated by the abundant background corre-
spondences.

2. Foreground-only merging: Only the masked fore-
ground points Dfg

t are transformed by T
(t)
icp and concate-

nated with the static background. This prevents dupli-
cation of background geometry (which already exists in
the static cloud) while placing detected objects into the
static reference frame.

We then obtain the final merged point cloud for frame t (see
Eq 11); then perform voxel deduplication.

Pt = S ∪
{
T

(t)
icp · d

t
k

∣∣ k ∈ Dfg
t

}
(11)

D.6. Implementation Details
Table 6 summarizes the key parameters of the scene con-
struction pipeline. All computations were performed on a
single NVIDIA GPU.
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Figure 6. 3D bounding box pipeline overview. Objects are
detected via Grounding DINO fused with GT annotations, seg-
mented via SAM2 in dual mode, projected into 3D via masked
point extraction from the π3 reconstruction, aligned to the floor
plane, and enclosed with oriented bounding boxes (OBBs).

E. Geometric Annotation Details
E.1. 3D Bounding Box Pipeline Overview
We present a multi-stage pipeline that produces world-
frame oriented 3D bounding boxes (OBBs) for all inter-
acting objects in Action Genome [29] video clips. Start-
ing from RGB frames and 2D annotations, the pipeline
proceeds through five major stages: (i)Detection: ob-
ject detection via Grounding DINO [46] with ground-
truth annotation fusion, (ii)Segmentation: instance seg-
mentation via SAM2 [67] in dual image-and-video mode,
(iii)Object Classification: static/dynamic object classifi-
cation via LLM-based reasoning, (iv)Object Point Cloud
Determination: floor-aligned 3D point extraction with
multiscale mask erosion, and (v)OBB Estimation: ori-
ented bounding box estimation via PCA and floor-parallel
minimum-area fitting, with temporal smoothing. The full
pipeline is illustrated in Figure 6.

E.2. Object Detection
The detection stage produces per-frame, per-object 2D
bounding boxes by fusing model-based detections with
ground-truth annotations.

Grounding DINO Detection. We employ Grounding
DINO [46] as a zero-shot, open-vocabulary detector. Each
frame is prompted with the video’s active object labels (e.g.,
"person. chair. cup.") using a box threshold
of 0.25 and text threshold of 0.3. Output labels are nor-
malized to a canonical vocabulary.

Active Object Labels & Static/Dynamic Classification.
Active object categories are determined from two sources:
(a) labels extracted directly from Action Genome ground-
truth annotations, and (b) labels produced by an LLM-based
reasoning pipeline using LLaMA [80]. The LLM clas-
sifies objects as static (e.g., floor, sofa, table) or dynamic
(e.g., cup, phone, book) by extracting interactions from
video captions and mapping them to the candidate label
set via synonym-aware matching. This drives two separate
detection-segmentation tracks: a static track for background
elements and a dynamic track for actively used objects.



Ground Truth Annotation Fusion. To ensure annotated
objects are not missed (especially small or occluded items),
GT bounding boxes are assigned a pseudo-score of 1.001
and concatenated with Grounding DINO predictions. Two
rounds of per-class NMS (IoU threshold 0.5) are applied;
because GT scores exceed 1.0, they are preferred over de-
tector duplicates while still allowing new discoveries.

E.3. Instance Segmentation via SAM2
Given per-frame detected bounding boxes, we produce per-
object binary segmentation masks using SAM2 [67] (hiera-
base-plus) in two complementary modes.

Image Mode. SAM2 processes each frame indepen-
dently: per-label bounding boxes are passed as box prompts
in single-mask mode, and the resulting per-label masks are
combined via boolean OR to produce one union mask per
frame.

Video Mode. SAM2’s video predictor propagates masks
temporally from seed frames. Seeds are selected from an-
notated (GT) frames when available (up to 10 per label,
spaced ≥10 frames apart, prioritized by detection score);
otherwise, the first detection of each label is used. A sin-
gle propagation pass produces masks for all seeded objects
across all frames, binarized at threshold 0.5.

Mask Union. The final per-object mask for each frame
is the pixel-wise union of image-mode and video-mode
masks:

M
(l,t)
final = M

(l,t)
image ∨ M

(l,t)
video (12)

where l denotes the object label and t the frame index, pre-
serving both per-frame precision and temporal consistency.

E.4. Floor Alignment via SMPL-Based Similarity
Estimation

Before computing 3D bounding boxes, we establish a
floor-aligned coordinate system by registering the π3-
reconstructed point cloud to a canonical frame where the
floor plane is horizontal.

SMPL Mesh Correspondence. We leverage estimated
SMPL [47] body meshes as anchors for scale-and-pose re-
covery. For each frame, 2D body keypoints (from Open-
Pose [3]) are paired with fitted SMPL 3D joint positions (in
metric space), yielding K correspondence pairs {(sk,dk)}
between SMPL points and π3 scene points. For each frame
with K ≥ 3 correspondences, a 7-DoF similarity transfor-
mation (scale s, rotation R, translation τ ) mapping scene
space to metric space is estimated via RANSAC:

sk ≈ s ·R · dk + τ (13)

Global Floor Transform. Per-frame similarity estimates
are robustly averaged (weighted by inlier count) to produce
a single global similarity (savg,Ravg, τavg), requiring at least
max(3, 20%) valid frames. In the floor-aligned frame, the
Y-axis is the floor normal (up) and the XZ plane is the floor
surface. The floor-alignment transform maps world points
to floor-aligned coordinates:

pfloor =
1

savg
·Ravg · (pworld − τavg) (14)

and its inverse recovers world coordinates:

pworld = savg ·R⊤
avg · pfloor + τavg (15)

E.5. Oriented 3D Bounding Box Computation
For each interacting object in each frame, we extract
masked 3D points from the π3 reconstruction and fit OBBs
using two complementary methods: an unconstrained PCA-
based OBB and a floor-parallel OBB.

Masked 3D Point Extraction. The 2D bounding box
(GT or Grounding DINO) is resized to the π3 prediction
resolution and intersected with the corresponding SAM2
mask (Section E.3) to produce a tight object mask (falling
back to the rectangular bbox if no mask exists). Points are
then filtered by the per-pixel confidence map (thresholded at
the frame’s 5th-percentile, clamped ≥ 10−3) and by finite-
coordinate validity.

Multiscale Erosion. To strip boundary artifacts from im-
precise masks, we erode the object mask with elliptical
kernels of size {0, 3, 5, 7, 10} px, extract the surviving 3D
points at each level (requiring ≥50 points), and select the
erosion yielding the minimum-volume bounding box.
Candidate volumes are computed from coordinate-wise ex-
tents in floor-aligned coordinates (Eq. (14)):

V =
∏

d∈{x,y,z}

(max
k

pfloor
k,d −min

k
pfloor
k,d ) (16)

Using the filtered 3D points from the best erosion scale,
we compute two OBB variants.

PCA OBB. A full 3-DoF rotation OBB is obtained via
PCA on the object point cloud: the covariance matrix
C = 1

N−1

∑
k(pk − µ)(pk − µ)⊤ is eigen-decomposed

as C = VΛV⊤, points are projected onto the princi-
pal axes qk = V⊤(pk − µ), and extents are taken as
ed = maxk qk,d − mink qk,d. The OBB center is adjusted
for asymmetric distributions:

cobb = µ+V · qmin + qmax

2
(17)

Eight corners are generated from ±ed/2 along principal
axes and rotated back to world via V.



Floor-Parallel OBB. A constrained OBB restricted to 1-
DoF yaw rotation around the floor normal: points are trans-
formed to the floor-aligned frame (Eq. (14)), projected onto
the XZ plane, and enclosed by a minimum-area 2D rectan-
gle. The rectangle is extruded vertically over [ymin, ymax]
to produce 8 corners, which are transformed back to world
coordinates via Eq. (15).

E.6. Temporal Smoothing
Bounding boxes computed independently per frame ex-
hibit temporal jitter. Per-frame minimum-volume erosion
selection (Section E.5) provides implicit scale normaliza-
tion. For objects appearing across multiple frames, the
3D bounding box parameters (center, extents, yaw) are
smoothed using a forward Kalman filter followed by Rauch-
Tung-Striebel (RTS) backward smoothing, producing tem-
porally consistent trajectories while preserving sharp tran-
sitions.

E.7. World-to-Final Coordinate Transform
For downstream consumption, all annotations are converted
from the π3 world frame to a final coordinate system that
is floor-aligned (XY = floor, Z = up), metrically scaled (me-
ters, via SMPL similarity), and origin-centered. The world-
to-final transform is:

pfinal = A · (pworld − oworld) (18)

where A = 1
savg

Ravg and oworld = τavg. Camera poses are
similarly transformed:

Rfinal = A ·Rworld, τfinal = A · (τworld − oworld) (19)

All annotations including OBB corners, point clouds, cam-
era poses, and floor meshes; are converted to this final frame
and stored per-video. Table 7 summarizes the key hyperpa-
rameters used in the pipeline.

Table 7. 3D bounding box pipeline parameters.

Parameter Value Description

Detection
Detector model Grounding DINO (base) Zero-shot open-vocabulary
Box threshold 0.25 Detection confidence
Text threshold 0.30 Text-box alignment
NMS IoU threshold 0.50 Per-class NMS
GT pseudo-score 1.001 Ensures GT survives NMS

Segmentation
SAM2 model hiera-base-plus Balanced speed/quality
Mask threshold 0.50 Logit binarization
Max seeds per label 10 Video mode anchors
Anchor min gap 10 frames Seed spacing
Precision bfloat16 GPU autocast

Floor Alignment
RANSAC iterations 500 Similarity estimation
RANSAC inlier thresh 0.03 m Correspondence quality
Scale bounds [0.4, 3.0] Physical plausibility
Min valid frames max(3, 20%) Quality gate

3D Bounding Box
Erosion kernels {0, 3, 5, 7, 10} px Multiscale mask refinement
Min points per scale 50 Candidate quality
Confidence threshold max(10−3, P5) Adaptive per-frame
Selection criterion Minimum volume Among erosion candidates

F. Semantic Annotation Details
World Scene Graphs provide a holistic, temporally-
grounded representation of human-object relationships
in video, extending beyond single-frame annotations to
capture the full spatio-temporal dynamics of a scene. We
employ current Vision-Language Models (VLMs) as a
bridge to generate dense pseudo semantic annotations for
World Scene Graph Generation (WSGG). Specifically,
we leverage VLMs to predict human-object relationship
labels across all annotated frames of a video, following
AG’s annotation schema [29]: (1) Attention Relation-
ships (single-label): looking at, not looking at,
unsure; (2) Contacting Relationships (multi-label):
carrying, covered by, drinking from, eating,
have it on the back, holding, leaning on,
lying on,
not contacting, other relationship,
sitting on, standing on, touching, twisting,
wearing, wiping, writing on; (3) Spatial Relation-
ships (multi-label): above, beneath, in front of,
behind, on the side of, in.

F.1. Models
We employ three open-source state-of-the-art VLMs span-
ning different model families and parameter counts, all
deployed behind the vLLM inference engine for efficient
batched generation with tensor parallelism: (1) Kimi-VL
(Kimi-VL-A3B-Instruct) - a lightweight mixture-of-experts
VLM; (2) InternVL 2.5 (InternVL2 5-8B-MPO) - a mid-
scale VLM with multi-modal preference optimisation; (3)
Qwen 2.5-VL (Qwen2.5-VL-7B-Instruct) - an instruction-



tuned VLM from the Qwen family. All models support
variable-length multi-frame video input. A BGE embed-
ding model (bge-large-en-v1.5) is additionally used for
text-similarity computations in the RAG-based annotation
method.

F.2. Generation Setup
Video Input. Video frames are loaded from disk and con-
verted to a T × C × H ×W float tensor. A pixel-budget
constraint (total pixels= 128000) is enforced to keep
memory consumption manageable. We use annotation-
driven per-frame clips. This provides fine-grained tempo-
ral context anchored to the frame being evaluated. The
annotation-driven clips ensure that relationship predictions
are grounded in the temporal neighbourhood of each anno-
tated frame.
Relationship Query Prompt. For each object o ∈ Ov on
each annotated frame, a structured prompt elicits predic-
tions for all three relationship axes:

You are analyzing a video clip from a scene. The object “{o}”
is one of the objects present in this video. It may or may not be
visible in the current frame. A person IS visible in this frame.
Based on the full video context, predict the relationships be-
tween the person and the object “{o}”.
1. ATTENTION: Pick EXACTLY ONE from: {attention la-

bels}
2. CONTACTING: Pick ONE OR MORE from: {contacting

labels}
3. SPATIAL: Pick ONE OR MORE from: {spatial labels}
Respond ONLY in JSON format. . .

Discriminative Verification. After the generative predic-
tion step, each predicted relationship label is independently
verified through a discriminative Yes/No classification us-
ing the same VLM. For a predicted relationship (o, r), the
verification prompt varies by axis:

(1) Attention Relationship: “In this video, is the person {r}
the {o}? Answer only Yes or No.”; (2) Contacting Relation-
ship: “In this video, is the person {r} the {o}? Answer only
Yes or No.”; (3) Spatial Relationship: “In this video, is the
{o} {r} the person? Answer only Yes or No.”

All verification prompts across all frames and objects
are collected and dispatched in a single batched VLM call
(chunked into sub-batches of 64), yielding a confidence
score pyes for every predicted label.

F.3. Annotation Methods
We generate pseudo-annotations using:

RAG Generation. The primary method uses Retrieval-
Augmented Generation (RAG) over a precomputed scene

graph from Phase 1. Per-clip graphs are merged into a
video-level directed graph, and a 4-step pipeline produces
relationship predictions: (1) keyword extraction from query
prompts via a batched VLM call; (2) cached node re-
trieval using BGE embeddings (cosine similarity > 0.5);
(3) templatised node refinement via batched Yes/No veri-
fication; (4) frame-specific final answer using annotation-
driven clips with graph-node context prepended to the
prompt. Queries are processed and deduplicated across
frames, and all batched calls are chunked into sub-batches
of 64.



G. Manual Correction of 3D BBox Annotations
G.1. Correcting the Floor Transform
Monocular 3D reconstruction methods such as
DUSt3R [83] produce an arbitrary world frame whose
vertical axis does not coincide with gravity. We align
the reconstructed scene into a gravity-aligned reference
frame (XY -plane = floor, +Z = up) via three stages:
(i) automatic floor alignment from the reconstruction’s
floor mesh and global similarity transform, (ii) manual
interactive correction with 6-DoF controls, and (iii) au-
tomated XY-plane alignment that analytically maps the
corrected floor to Z=0.

Automatic Floor Alignment via Global Floor Similar-
ity. The reconstruction pipeline extracts a floor mesh F =
(V0,F0,C0) with vertex positions V0 ∈ RNv×3, faces F0,
and optional colors C0, together with a global floor simi-
larity (sg,Rg, τg). Floor vertices are transformed into the
world frame as:

vworld = sg · (v0 ·R⊤
g ) + τg, ∀v0 ∈ V0. (20)

From the columns of Rg we extract in-plane tangent
directions ℓ1 = Rg[:, 0], ℓ2 = Rg[:, 2] and floor nor-
mal n = Rg[:, 1], forming the basis F = [ℓ1 | ℓ2 | n].
The world-to-floor rotation is Ralign = F⊤ with translation
τalign = −Ralign · τg:

xfloor = Ralign · xworld + τalign. (21)

An optional ZY -plane mirror M = diag(−1, 1, 1) yields
the final transform:

Rfinal = M ·Ralign, τfinal = M · τalign, (22)

so that xfinal = Rfinal · xworld + τfinal.

Manual Interactive Floor Correction. The automatic
alignment is often imperfect. An interactive 3D tool ren-
ders the floor mesh, point cloud, and bounding boxes, al-
lowing the annotator to adjust a correction transform Tδ =
(Rδ, τδ, sδ) via 6-DoF controls. Both original (wireframe)
and corrected (solid) floor meshes are displayed simultane-
ously for visual feedback. The correction is persisted to
Firebase per video; on reload it is applied automatically.

Automated XY-Plane Alignment. After manual correc-
tion the floor may still not lie in the canonical XY -plane.
We compute TXY = (RXY, τXY) to map the corrected floor
to Z=0 in six steps:

Step 1: Apply Floor Correction. The floor vertices V0

are first transformed by the correction Tδ (Sec. G.1):

vcorr = Rδ · (sδ ⊙ v0) + τδ, ∀v0 ∈ V0. (23)

Step 2: Compute Floor Normal. The floor centroid v̄
and robust normal n̂ are estimated from triangle cross prod-
ucts (selecting the largest-magnitude result); the normal is
flipped if needed so that n̂z > 0.

Step 3: Normal Alignment via Rodrigues’ Rotation.
The rotation Rnorm aligning n̂ with +Z is obtained via
Rodrigues’ formula with axis k̂ = n̂×ẑ

∥n̂×ẑ∥ and angle ϕ =

arccos(n̂ · ẑ):

Rnorm = cosϕ · I+ sinϕ · [k̂]× + (1− cosϕ) · k̂k̂⊤. (24)

Step 4: In-Plane Rotation Correction. The residual in-
plane misalignment is corrected by a Z-axis rotation Rz(α)
where α = −atan2(x̃y, x̃x) and x̃ = Rnorm ·Rδ · [1, 0, 0]⊤.
The combined rotation is RXY = Rz(α) ·Rnorm.

Step 5: Translation to Origin. The floor–origin inter-
section p∩ = (n̂ · v̄) · n̂ is mapped to the origin: τXY =
−RXY · p∩.

Step 6: Euler Angle Extraction. RXY is decomposed
into Euler angles (θx, θy, θz) (ZY X convention) for stor-
age.

Bounding Box Refitting. After applying TXY, each OBB
is refitted: inlier points (identified via the separating axis
test) are transformed, and a 2D PCA-based OBB is es-
timated on the projected XY coordinates. The final 3D
OBB combines the PCA box extents with the Z-range of
the transformed inliers.

Final Alignment Composition. The three stages com-
pose into a single rigid transformation:

xcanonical = TXY ◦Tδ ◦Tauto(xworld), (25)

where Tauto is from Eq. 22, Tδ is the manual correction, and
TXY is the XY-plane alignment. The composed transform
is cached per video.

G.2. Correcting World-Level 3D BBox Annotations

With the gravity-aligned frame established (Sec. G.1), 3D
bounding boxes are lifted into world coordinates. The au-
tomatic annotations often exhibit errors (incorrect dimen-
sions, missing objects, misaligned orientations, wrong la-
bels), so we provide the WorldBBox Viewer for interactive
3D correction.



ANNOTATION INTERFACE

STEP-1 STEP-2

STEP-3 STEP-4

FINAL TRANSFORM AFTER CORRECTION

Figure 7. Overview of the annotation interface used for manual floor correction. The figure illustrates the sequential adjustment process
across four steps, culminating in the final corrected transform for accurate 3D scene alignment.

Automatic World-Level BBox Generation. Initial
world-level 4D annotations are generated automatically.
Objects are classified as static (e.g., table, sofa)
or dynamic (e.g., person); for static objects, missing
frames are filled from the nearest known frame (object
permanence). Each per-frame box (Cworld ∈ R8×3) is

transformed to the gravity-aligned frame:

Cfinal = (Rfinal ·C⊤
world)

⊤ + τ⊤
final. (26)



For each static label, a union bounding box is computed
across all frames:

Cunion = OBB

 ⋃
f∈frames

C
(ℓ,f)
final

 , (27)

ensuring spatial consistency while preserving the original
world-space boxes.

Interactive Correction Interface The WorldBBox
Viewer provides a 3D canvas (via Three.js/React Three
Fiber) rendering the floor mesh, reconstructed point
cloud, bounding box wireframes with floating text labels,
and relationship arcs connecting subject-predicate-object
triples. The viewer supports orbital camera controls and
frame-by-frame navigation. For each selected bounding
box, the annotator can apply translate, rotate, and scale
transforms via sliders with live preview. Transforms are
applied sequentially (scale → rotate → translate about
box center) and committed on confirmation, with an undo
stack for reverting. The annotations panel additionally
supports inline label editing, per-box visibility toggles, and
adding/deleting boxes.

Temporal Propagation of Annotations A key challenge
in world-level annotation is ensuring that object bounding
boxes are consistent across all frames. The Propagation
Panel provides tools to copy a bounding box annotation
from the current frame to other frames: The annotator se-
lects a bounding box and specifies: (1) Direction: Forward
(to subsequent frames), backward (to preceding frames), or
both. (2) Frame Count: A specific number of frames to
propagate to, or “All” to propagate to the video’s start/end.
Upon clicking Propagate, the selected box’s label, corners,
center are duplicated to each target frame.

H. Manual Correction of WSG Annotations

H.1. Overview

The pseudo-annotations produced by the MLLM pipeline
contain errors from hallucination, ambiguous visual con-
text, or incorrect grounding. To produce gold-standard
annotations, we deploy a human-in-the-loop manual cor-
rection stage using a purpose-built web annotation tool.
Trained annotators systematically review and correct every
pseudo-annotated relationship across three semantic axes:
Attention, Contacting, and Spatial. The correction is
designed as a refinement workflow: annotators start from
MLLM predictions rather than labeling from scratch, sig-
nificantly reducing annotation time.

H.2. Annotation Interface

The tool follows a two-panel layout. The left panel provides
a high-fidelity frame viewer with:
• Full-resolution frame display with a slider for scrubbing

through all video frames.
• An HTML5 canvas overlay rendering person bounding

boxes (green) and object bounding boxes (15 distinct col-
ors) with class-name labels.

• A lightbox modal for pixel-level inspection with zoom
(0.5–5×) and pan.
The right panel serves as the annotation workspace:

• Video selection: three dropdown selectors group videos
by status (Pending / Review / Processed).

• Object accordions: each missing object is presented as a
collapsible section showing the object name, frame count,
and per-category correction statistics.

• Annotation grid: a table of frames × relationship cate-
gories. Each cell contains toggle buttons for every possi-
ble label. Attention is single-select; Contacting and Spa-
tial are multi-select. Active labels are color-coded with
abbreviated display names.

H.3. Correction Workflow

Per-Video Workflow. The annotator (1) selects a pend-
ing video, (2) inspects frames using the frame viewer
and bounding-box overlay, (3) corrects each missing ob-
ject’s relationships by toggling labels in the annotation grid,
(4) saves corrections, and (5) marks the video as Processed
or flags it for Review.

Propagation Tools. To reduce repetitive annotation when
relationships are stable across frames: (1) Copy Forward
(→): copies one frame’s complete annotation to all subse-
quent frames for the same object. (2) Apply to All: broad-
casts the first frame’s annotations to all frames.



Figure 8. Interface for manual relationship correction in WorldSGG. The tool presents object-centric frame sequences and allows annotators
to refine attention, contact, and spatial predicates across time for accurate scene graph construction.

H.4. Quality Tracking
The interface displays real-time correction statistics to mon-
itor progress. For each missing object o across its N frame
appearances, the system computes per-category correc-
tion counts by comparing compiled (post-edit) predictions
against base (MLLM) predictions:

no
cat =

N∑
f=1

⊮
[
F (f,o)

comp .cat ̸= F
(f,o)
base .cat

]
, cat ∈ {att, con, spa}.

(28)
These counts are displayed as colored badges (n/N ) in
each object accordion header, providing at-a-glance visibil-
ity into annotator modifications.

H.5. Status Management
Videos follow a three-state lifecycle: Pending (uploaded,
not yet reviewed), Processed (corrections complete), and
Review (flagged for a second pass due to ambiguity). Sta-
tus transitions are triggered explicitly by annotators and
stored with timestamps in Firebase, enabling dataset-level
progress tracking via the dropdown counters in the interface
header.

I. Action Genome 4D Statistics

ActionGenome4D (AG4D) extends the original Action
Genome [29] dataset into a 4D spatio-temporal representa-
tion by augmenting every video with (i) per-frame 3D scene
reconstructions and camera poses, (ii) world-frame oriented
3D bounding boxes (OBBs) for all annotated objects, and
(iii) dense semantic relationship annotations covering both
observed and unobserved objects at every annotated times-
tamp. This section summarises the key statistics of the re-
sulting dataset and contrasts them with the original Action
Genome annotations.

Dataset Overview. Action Genome provides frame-
level 2D bounding-box annotations and human–object re-
lationship labels for videos sourced from the Charades
dataset [74]. AG4D preserves the original train/test split
and enriches every video along three axes:

1. Geometric: Per-frame 3D point clouds reconstructed
via π3 [87], floor-aligned via SMPL-based similar-
ity estimation, and enclosed by oriented 3D bounding
boxes (OBBs) in a shared world coordinate frame (Sec-
tion E.1).

2. Semantic: Relationship annotations expanded from
observed-only objects (Ot) to the full world state (Wt =
Ot ∪ U t), covering attention, spatial, and contacting
predicates for every (person, object) pair at every anno-
tated frame (Section F.1).

3. Camera: Camera-to-world SE(3) poses {Tt}Tt=1 re-
fined via iterative bundle adjustment, providing ego-



Table 8. AG vs. ActionGenome4D. AG4D extends AG along ge-
ometric and semantic dimensions. Ot: observed objects; U t: un-
observed objects;Wt: full world state.

Property Action Genome ActionGenome4D

Scope
Object scope per frame Ot only Wt = Ot ∪ U t

Relationship coverage Observed pairs All world-state pairs
Coordinate frame 2D image 3D world
Object localization 2D BBox 2D BBox + 3D OBB
Camera poses ✗ ✓ (SE(3) per frame)
3D scene reconstruction ✗ ✓ (per-frame point clouds)

Annotations
Predicate axes Attention, Spatial, Contacting Attention, Spatial, Contacting
Attention labels 3 (single-label) 3 (single-label)
Spatial labels 6 (multi-label) 6 (multi-label)
Contacting labels 17 (multi-label) 17 (multi-label)
Object categories 36 (+ person) 36 (+ person)
Unobserved object labels ✗ ✓

Scale
Videos 9,250 9,250
Train / Test videos 7,516 / 1,734 7,516 / 1,734
Annotated frames 232,103 232,103

motion trajectories for each video (Section D).

Annotation Strategy. The semantic annotation strategy
differs between the training and test splits to balance scala-
bility with annotation quality:
• Training set - Pseudo-annotations: Relationship labels

for unobserved objects are generated automatically us-
ing a VLM-based pipeline (Section F.1). A Graph-RAG
approach retrieves relevant spatio-temporal context from
a precomputed coarse event graph, and a discrimina-
tive verification step assigns per-label confidence scores.
These pseudo-labels serve as training targets, weighted by
λvlm in the loss function to account for potential noise.

• Test set - Manual corrections: Every pseudo-annotated
relationship in the test split is reviewed and corrected
by trained human annotators using a purpose-built web-
based correction interface (Section H.1). The correction
workflow starts from the VLM predictions and refines
them via toggle-based editing, copy-forward propagation,
and temporal consistency enforcement. This produces
gold-standard annotations for reliable evaluation.

The geometric annotations (3D OBBs and camera poses)
are generated using the same automated pipeline for both
splits, followed by manual verification and correction of 3D
bounding boxes via 3D annotation tool (Section G.1).

Comparison with Action Genome. Table 8 contrasts the
AG dataset with ActionGenome4D across key dimensions.

Predicate Vocabulary. AG4D inherits the Action Genome
predicate vocabulary, organised into three disjoint axes:
1. Attention (|Patt| = 3, single-label): looking at,

not looking at, unsure.
2. Spatial (|Pspa| = 6, multi-label): above, beneath,

in front of, behind, on the side of, in.
3. Contacting (|Pcon| = 17, multi-label): carrying,

covered by,
drinking from, eating,
have it on the back, holding, leaning on,
lying on, not contacting,
other relationship, sitting on,
standing on,
touching, twisting, wearing, wiping,
writing on.

Attention is a single-label classification (exactly one label
per object pair per frame), while spatial and contacting are
multi-label (an object pair may simultaneously exhibit mul-
tiple spatial or contacting relationships, e.g., a person can
be both holding and touching an object).

Object Categories. The object vocabulary consists of
36 categories (excluding person) inherited from Ac-
tion Genome. These span common indoor objects such
as furniture (chair, table, sofa, bed), personal
items (phone/camera, bag, book, laptop), kitchen-
ware (cup/glass/bottle, dish, sandwich), and
room elements (door, doorway, window, mirror,
television). Including person, the full category
set comprises 37 classes used for object classification in
SGDet.

Geometric Annotation Statistics. The 3D geometric an-
notation pipeline (Section G.2) produces world-frame ori-
ented 3D bounding boxes for every annotated object across
all videos. Key statistics of the geometric annotations are:
• Total 3D OBBs: 828,213 OBBs across all videos and

frames.
• OBB fitting: Each OBB is selected as the minimum-

volume candidate from a multiscale erosion sweep
({0, 3, 5, 7, 10} px kernels), with temporal smoothing via
Kalman filtering and RTS backward pass.

• Coordinate system: All OBBs are expressed in the final
coordinate system (floor-aligned, metrically scaled in me-
ters, world-frame centered), alongside per-frame camera
poses.

Semantic Annotation Statistics. AG4D extends the origi-
nal AG relationship annotations from observed-only objects
to the full world state. The key distinction is that every (per-
son, object) pair receives relationship labels at every anno-
tated timestamp, regardless of objects’ visibility.
• Total relationship instances: 602,668 relationship

triplets across all frames and splits (compared to 518,895
in the original AG, which covers observed objects only).

• Observed pairs: 518,895 relationship instances where
both the person and object are visible in the frame (wt

k ∈
Ot).

• Unobserved pairs: 83,773 relationship instances involv-
ing at least one unobserved object (wt

k ∈ U t) (new in
ActionGenome4D).

• Avg. objects per frame (world state): 3.6 objects per



Table 9. ActionGenome4D statistics. The train set uses VLM
pseudo-annotations for unobserved object relationships; the test
set uses manually corrected annotations.

Statistic Train Test

Videos 7,516 1,734
Annotated frames 175,751 56,352
Object instances (observed) 549,315 201,683
Object instances (unobserved) 61,149 22,624
Object instances (total) 610,464 224,307
Relationship triplets (observed) 373,564 145,331
Relationship triplets (unobserved) 61,149 22,624
Relationship triplets (total) 434,713 167,955
3D OBBs 604,128 224,085

Annotation type (unobserved) VLM pseudo-labels Manual corrections

frame inWt, compared to 3.2 observed objects per frame
in the original AG.

• Avg. relationships per frame: 2.6 (person, object) rela-
tionship instances per frame in GtW , compared to 2.2 in
AG’s observed-only Gt.

Train/Test Split Statistics. Table 9 summarises the per-
split statistics.

Predicate Distribution. The predicate label distributions
in AG4D exhibit long-tail characteristics consistent with
real-world relationship frequencies. For the attention
axis, not looking at dominates (especially for unob-
served objects, where the person is typically not attend-
ing to off-screen objects), followed by looking at and
unsure. For the contacting axis, not contacting
is the most frequent label (again driven by unobserved
objects with no physical contact), while labels such as
holding, touching, and sitting on cover the ac-
tive interactions. For the spatial axis, in front of
and on the side of are common due to typical indoor
scene layouts, while beneath and in are relatively rare.
The introduction of unobserved object annotations signif-
icantly amplifies the representation of not looking at
and not contacting, since most unobserved objects are
neither attended to nor in physical contact with the person.
This shifts the overall predicate distribution compared to the
original AG and motivates the use of label smoothing and
weighted losses during training.

Table 10. Supported backbone variants.

Key Model Hidden dim Params Patch size

v2 DINOv2 ViT-B 768 86M 14
v2s DINOv2 ViT-S 384 22M 14
v2l DINOv2 ViT-L 1024 304M 14
v3l DINOv3 ViT-L 1024 304M 16

J. Monocular 3D Detection Pipeline
The monocular 3D object detector provides the geometric
scaffolding for WorldSGG. Given a single RGB frame, it si-
multaneously produces 2D bounding boxes with class labels
and 8-corner oriented 3D bounding boxes (OBBs) in cam-
era coordinates. The 3D boxes are then lifted into the per-
sistent world frame via extrinsic camera matrices, providing
the structural prior consumed by all three WorldSGG meth-
ods (PWG, 4DST, MWAE). The system follows a Faster
R-CNN [68] architecture with three key innovations: (i) a
frozen DINOv2/v3 ViT backbone [63] paired with a learn-
able Simple Feature Pyramid Network (SimpleFPN) [42];
(ii) a factorized 3D prediction head decomposing 3D
box regression into dimensions, rotation, depth, and cen-
ter offset, reconstructed via pinhole back-projection; (iii) an
OVMono3D-style disentangled 3D loss [96] with per-
sample uncertainty weighting and Chamfer supervision.

J.1. Model Architecture

The full pipeline is: Image Transform−−−−−→ Backbone FPN−−→ RPN
ROI Heads−−−−−→ 2D Detections + 3D Boxes.

Backbone: Frozen DINOv2/v3 ViT. The backbone is
a Vision Transformer (ViT) [15] pretrained with DI-
NOv2/v3 [63], kept entirely frozen during training. Four
variants are supported (Table 10). Only the last Npatch =
Hp ×Wp spatial tokens are kept (stripping CLS and regis-
ter tokens), reshaped to F ∈ RB×C×Hp×Wp .

Simple Feature Pyramid Network (SimpleFPN). Fol-
lowing ViTDet [42], the SimpleFPN converts the single-
scale backbone output into a multi-scale pyramid at strides
{P/4, P/2, P, 2P, 4P} via transposed convolutions (up-
sampling) and max-pooling (downsampling), where P is
the patch size. Each level is projected to 256 channels by a
1×1 convolution, BatchNorm, ReLU, and a 3×3 refinement
convolution. All FPN parameters are learnable.

Region Proposal Network and ROI Heads. The
RPN uses standard Faster R-CNN anchors of sizes
{32, 64, 128, 256, 512} at pyramid levels {p2, . . . , p6} with
aspect ratios (0.5, 1.0, 2.0), contributing objectness and
box-regression losses. Proposals are processed by Multi-
ScaleRoIAlign (7×7 output, sampling ratio 2) feeding two
FC layers that produce a shared 1024-d feature, from which



parallel heads predict class logits and box deltas.

Factorized 3D Prediction Head. The 3D head is a
lightweight branch sharing the 1024-d ROI features. It con-
catenates the shared features with normalized 2D box coor-
dinates and camera intrinsics, passed through a shared con-
text FC (ReLU, 512-d output). Five parallel heads produce:

d̂ = softplus(·) + ϵ ∈ R3, (dimensions: l, w, h)
(29)

[ŝ, ĉ] = L2-normalize(·) ∈ R2, (rotation: sin θ, cos θ)
(30)

ẑc = softplus(·) + ϵ ∈ R1, (depth) (31)

δ̂ ∈ R2, (2D center offset) (32)

µ̂ ∈ R1, (uncertainty) (33)

where ϵ = 10−4 ensures strictly positive outputs.

Pinhole Back-Projection. The 3D camera-frame center
is recovered by intersecting the offset 2D center with the
predicted depth via the pinhole model:

Xc =
(u− cx)

fx
· ẑc, Yc =

(v − cy)

fy
· ẑc, Zc = ẑc,

(34)
where u = cx,2d + δ̂x, v = cy,2d + δ̂y . The 8 corners are

built at (±l/2,±w/2,±h/2), rotated by the predicted yaw,
and translated to [Xc, Yc, Zc]

⊤.

Weight Initialization. Default initialization causes ex-
treme variance in the initial 3D loss. We apply tar-
geted initialization: Xavier-uniform for the context FC,
N (0, 0.001) weights with sensible biases for depth (initial
≈1.3–1.8 m), dimensions (initial ≈0.7 m), and identity ro-
tation (sin=0, cos=1).

J.2. OVMono3D Disentangled 3D Loss
The 3D loss follows OVMono3D [96], combining
uncertainty-weighted supervision with geometry-level dis-
entanglement.

Disentangled Attribute Losses. Given predicted corners
Ĉ and GT corners C∗ ∈ R8×3, both are decomposed via
PCA into center p, oriented dimensions d = (l, w, h), and
yaw θ. For each attribute group a ∈ {xy, z, dims, r}, a
“mixed” box uses the predicted attribute with GT values for
all others:

Lxy : Cxy = build(p̂xy∥p∗z,d∗, θ∗), (35)
Lz : Cz = build(p∗xy∥p̂z,d∗, θ∗), (36)

Ldims : Cd = build(p∗, d̂, θ∗), (37)

Lr : Cr = build(p∗,d∗, θ̂). (38)

Table 11. Key training configuration parameters.

Parameter Default Description

model v2 Backbone variant (Table 10)
lr 10−4 Peak learning rate
weight decay 10−3 AdamW weight decay
batch size 128 Per-GPU batch size
epochs 70 Total training epochs
max grad norm 1.0 Gradient clipping threshold
head 3d mode unified 3D head integration (unified or separate)
head 3d version v1 3D head architecture version
weight 3d 1.0 Target 3D loss weight
weight 3d ramp epochs 5 Staged ramp duration (R)
pixel limit 255,000 Max pixels for resize

An additional holistic loss Lall = ChamferSL1(Ĉ,C∗)
compares the full corners directly. All Chamfer computa-
tions use Smooth L1 distance for stability, and values are
divided by the GT box diagonal for scale invariance.

Per-Sample Uncertainty Weighting. The uncertainty µ̂i is
STE-clamped to [−5, 10] and per-sample L3D,i is clamped
at 100. The total per-sample 3D loss is:

Li =
√
2·exp(−µ̂i)·L3D,i+µ̂i, L3D,i = Lxy,i+Lz,i+Ldims,i+Lr,i+Lall,i.

(39)

Total Training Loss. The total loss combines all Faster R-
CNN losses and the 3D loss:

Ltotal = wclsLcls+wboxLbox+wobjLrpn-obj+wrpnLrpn-box+w3d(e)·L3D,
(40)

where all weights default to 1.0. To stabilize early train-
ing, w3d(e) follows a three-phase ramp: zero for the first
R epochs (2D-only), linearly increasing from R to 2R, and
full weight thereafter (R=5 by default).

J.3. Dataset and Training

Data Sources. The dataset loads 2D annotations (37 ob-
ject classes) from standard Action Genome pickles, 3D
annotations (8-corner OBBs in camera frame with per-
video intrinsics) from per-video pickle files. Images are
resized to an aspect-ratio-preserving resolution where both
dimensions are multiples of patch size P , with total pixels
≤ 255K. Camera intrinsics are scaled proportionally. Im-
ages are grouped into resolution buckets sharing the same
target size, enabling padding-free batching.

Training Configuration. Training uses AdamW [48]
(lr=10−4, wd=10−3) with linear warmup (1% of steps) fol-
lowed by cosine annealing. Mixed precision is enabled via
GradScaler, with gradients clipped at norm 1.0. Non-
finite losses trigger batch skipping. CUDA optimizations
include cuDNN auto-tuning, TF32 arithmetic, and Flash At-
tention. Key hyperparameters are listed in Table 11.

Evaluation. Evaluation uses a single fused forward pass
over the full test set, computing 2D and 3D metrics simul-
taneously.



Table 12. Comparison of DINO backbones under joint and sepa-
rate training setups.

Backbone Training mAP mAP50 mAP75

DINOv2-B Separate 0.0988 0.2333 0.0692
DINOv2-L Separate 0.1103 0.2627 0.0739
DINOv3-L Separate 0.1762 0.3667 0.1461
DINOv2-B Joint 0.0998 0.2377 0.0672
DINOv2-L Joint 0.1086 0.2610 0.0712
DINOv3-L Joint 0.1799 0.3660 0.1552

2D Metrics. We report COCO-style mAP over IoU
thresholds [0.50, 0.55, . . . , 0.95], along with mAP50 and
mAP75.

3D Metrics. 3D evaluation is performed on matched
prediction–GT pairs (matched via 2D IoU ≥ 0.5, greedy,
same-class). Box-level metrics include bidirectional
Chamfer distance, corner L2, and oriented 3D IoU (via
Sutherland–Hodgman polygon clipping [79]). Attribute-
level metrics include center L2, dimensions L1, and
wrapped rotation error. IoU hit rates at 50% and 75% mea-
sure 3D regression quality for correctly detected objects.

Backbone and Training Mode Comparison. We evalu-
ate the impact of backbone choice and training mode on
2D detection quality. Specifically, we compare three back-
bones; DINOv2-B (ViT-B/14, 86M), DINOv2-L (ViT-L/14,
304M), and DINOv3-L (ViT-L/16, 304M) under two train-
ing setups:
• Separate: The 2D detector and 3D head are trained inde-

pendently; the 3D branch does not influence 2D detection
gradients.

• Joint: Both 2D and 3D heads are trained end-to-end with
the staged loss ramp (Eq. 40), allowing 3D supervision to
refine shared representations.
Results are shown in Table 12. Several observations

stand out.

DINOv3-L significantly outperforms DINOv2 variants.
DINOv3-L achieves mAP of 0.18, a 60% relative improve-
ment over DINOv2-L (0.11) and 80% over DINOv2-B
(0.10). This gap is consistent across all IoU thresholds, with
DINOv3-L reaching 0.37 mAP50 versus 0.26 for DINOv2-
L. The improvement is attributable to DINOv3’s stronger
spatial representations and enhanced training recipe, which
yield features better suited for localization.

Scaling from Base to Large within DINOv2 yields
marginal gains. DINOv2-L improves over DINOv2-B
by only ∼1 mAP point (0.11 vs. 0.10), suggesting that

Table 13. 3D localization performance of different DINO back-
bones under joint and separate training setups. Mean IoU3D mea-
sures the average 3D overlap, while Hit@0.50 denotes the fraction
of predictions exceeding the IoU3D threshold.

Backbone Training Mean IoU3D Hit@0.50

DINOv2-B Separate 0.1446 0.0137
DINOv2-L Separate 0.1377 0.0117
DINOv3-L Separate 0.1295 0.0111
DINOv2-B Joint 0.1411 0.0120
DINOv2-L Joint 0.1390 0.0104
DINOv3-L Joint 0.1285 0.0128

the DINOv2 representation quality—rather than model
capacity—is the bottleneck. In contrast, the architecture
and pretraining changes introduced in DINOv3 unlock sub-
stantially better performance.

Table 13 complements the 2D analysis with 3D localiza-
tion quality.

Numerical Stability Notes. All 3D loss computation is
forced to float32 to avoid Chamfer overflow in float16. The
3D loss operates on at most 64 positive proposals per batch,
randomly subsampled, to bound memory under the 5×
disentangled expansion. Resolution bucketing reads only
JPEG/PNG headers (≤32 bytes) for the ∼7K per-video di-
mension queries.



K. World Scene Graph Generation
K.1. Baseline Architectures
All four baselines share a common infrastructure: a
FasterRCNN-ResNet50 backbone for monocular 3D detec-
tion, an LKS (Last Known State) memory buffer for non-
differentiable visual persistence, a GlobalStructuralEncoder
that converts oriented bounding box (OBB) corners into
per-object 3D structural tokens, an InterObjectTransformer
for intra-frame spatial reasoning with continuous pairwise
3D positional encodings, and a three-head relationship pre-
dictor (attention, spatial, contacting). They differ in which
optional temporal and spatial modules are activated, form-
ing a controlled ablation ladder. Table 14 summarizes the
module activation pattern.

Table 14. Module activation across baselines. ✓= active, – = ab-
sent.

Module W-STTran W-STTran++ W-DsgDetr W-DsgDetr++

LKS Buffer + GlobalStructuralEncoder ✓ ✓ ✓ ✓
ObjectSpatialEncoder – ✓ – ✓
ObjectMotionEncoder + MotionFusion – ✓ – ✓
CameraTemporalEncoder – – – ✓
TemporalObjectEncoder – – ✓ ✓
TemporalEdgeAttention – ✓ ✓ ✓

W-STTran. W-STTran is the minimal baseline, adapt-
ing STTran to the WorldSGG task. Object features ex-
tracted by the FasterRCNN backbone are held in the LKS
buffer, which returns the nearest visible frame’s feature
m

(t)
n for occluded objects and a staleness signal ∆(t)

n . The
GlobalStructuralEncoder converts each object’s 8-corner
OBB Cn ∈ R8×3 into a centered, translation-invariant
structural token gn via a shared MLP. The LKS Tok-
enizer fuses geometry, buffered features, and log-staleness
through a linear projection with LayerNorm: x

(t)
n =

FusionProj([g
(t)
n ∥ m(t)

n ∥ log(∆
(t)
n + 1)]). The InterOb-

jectTransformer then performs global spatial reasoning us-
ing additive pairwise positional encodings derived from 3D
inter-object distances and volume ratios. A Node Predic-
tor classifies objects, and the Relationship Predictor forms
edge tokens from subject/object features, union RoI fea-
tures, and CLIP semantic embeddings, refines them via self-
attention, and outputs predictions through three indepen-
dent MLP heads. W-STTran uses no camera, motion, or
temporal modules, isolating the contribution of passive 3D
memory alone.

W-STTran++. W-STTran++ augments the minimal base-
line with camera-relative and motion-aware representations,
but still omits explicit temporal object tracking. The
ObjectSpatialEncoder computes per-object camera-relative
features from the extrinsic matrix T = [R | τ ]: log-
distance, view alignment αn = d̂n · (−R:,2), and azimuth

components, projected via MLP to cn ∈ Rdcamera . The
ObjectMotionEncoder captures 3D dynamics by computing
world-frame velocity v

(t)
n and acceleration a

(t)
n from OBB

center finite differences, alongside camera-relative velocity
R⊤vn, yielding an 11-dimensional feature projected to µ

(t)
n .

The Tokenizer concatenates geometry, buffer, spatial, and
staleness features; the resulting token is then fused with mo-
tion via x̂

(t)
n = LayerNorm(Linear([x

(t)
n ∥ µ

(t)
n ])). After

InterObjectTransformer reasoning, TemporalEdgeAttention
performs cross-frame self-attention over each unique ob-
ject pair’s relationship tokens with learned temporal posi-
tional embeddings, enabling temporal consistency without
explicit per-object tracking.

W-DsgDetr. W-DsgDetr adapts DSG-DETR to
WorldSGG by introducing explicit per-object tem-
poral tracking. It shares the LKS buffer, Global-
StructuralEncoder, and Tokenizer with W-STTran
(without camera or motion features). The key addi-
tion is the TemporalObjectEncoder: for each object
n, it collects the T -length sequence of tokenized rep-
resentations and processes them with a Transformer
encoder using sinusoidal temporal positional encodings:
X̃n = TransformerEncoder({x(t)

n + PEsin(t)}Tt=1). This
allows the model to interpolate and contextualize object
features across time, addressing occlusion gaps that the
zero-order LKS buffer cannot. The temporally-refined
tokens then undergo InterObjectTransformer spatial rea-
soning, followed by node prediction, relationship formation
with intra-frame self-attention, and TemporalEdgeAtten-
tion for cross-frame edge consistency. This design isolates
the contribution of explicit temporal tracking relative to
W-STTran.

W-DsgDetr++. W-DsgDetr++ activates every available
module, representing the most feature-rich baseline be-
fore WorldWise. Beyond W-DsgDetr’s TemporalOb-
jectEncoder, it adds the ObjectSpatialEncoder, ObjectMo-
tionEncoder, and a CameraTemporalEncoder that mod-
els ego-motion dynamics. The CameraTemporalEn-
coder computes relative camera poses between consecu-
tive frames (R(t)

rel = RtR
⊤
t−1, τ

(t)
rel = τt − R

(t)
rel τt−1)

and encodes the sequence via self-attention to produce
per-frame ego-motion tokens et. The MotionFusion
stage integrates object motion and ego-motion: x̂

(t)
n =

LayerNorm(Linear([x
(t)
n ∥ µ(t)

n ∥ et])). The full pipeline
then proceeds through TemporalObjectEncoder, InterOb-
jectTransformer, and TemporalEdgeAttention. This con-
figuration tests the upper bound of performance achievable
within the passive-memory (LKS) paradigm.



Training Objective. All four baselines share a common
loss function that partitions human-object pairs into visible
(both entities observed) and unseen (at least one occluded)
buckets. Visible pairs use standard cross-entropy (attention)
and binary cross-entropy (spatial, contacting) with clean
ground truth. Unseen pairs employ VLM pseudo-labels
with label smoothing and a weighting factor λvlm:

L =
∑

r∈{att, spa, con}

(
Lvis
r + Lunseen

r

)
+ Lnode. (41)

L. MLLMs for Unlocalized WSG Generation
This section assesses how well current Vision-Language
Models (VLMs) perform on the task of Unlocalized World
Scene Graph Generation (U-WSGG).

While the full WSGG task requires 3D-localised detec-
tion and tracking (addressed by WorldWise), the unlocal-
ized variant (U-WSGG) isolates the core semantic reason-
ing challenge: given a known set of objects, predict their
relationships to the person at each frame across attention,
spatial, and contacting axes. Modern VLMs can be directly
prompted for relationship prediction, but vanilla zero-shot
querying suffers from attention dilution over long video
contexts and the lack of query-specific temporal grounding.
We propose UWSGG-GRAPHRAG, a Graph-structured
Retrieval-Augmented Generation strategy (Figure 4) that
constructs a video-level knowledge graph offline and uses it
as a structured retrieval index, enabling query-specific con-
text selection before the VLM call.

L.1. Task Definition
Given a video V with K annotated frames {f1, . . . , fK}
and a video-level object set Ov , the goal is to predict, for
every annotated frame fk and every object o ∈ Ov , the three
relationship types between the person and object o:

R̂(fk, o) =
(
âk,o, Ĉk,o, Ŝk,o

)
(42)

where â is the predicted attention label (single-label), Ĉ is
the predicted set of contacting labels (multi-label), and Ŝ is
the predicted set of spatial labels (multi-label).

Object Set Resolution: PredCls vs. SGDet. The evalua-
tion supports two standard modes:

PredCls (Predicate Classification). Ground-truth object
labels from the annotations are used directly as the video-
level object setOv . This isolates the relationship prediction
ability of the VLM.

SGDet (Scene Graph Detection). Objects are estimated
from the video content using the VLM itself. The estima-
tion proceeds as follows:
1. Caption-guided estimation. The VLM is prompted

with all available captions plus the canonical AG object
vocabulary (36 classes) as a candidate list. It returns a
JSON list of object name strings.

2. Vocabulary filtering. The estimated object set is inter-
sected with the canonical AG vocabulary to ensure all
labels conform to the closed label space: Oest = Ô ∩ V .

3. Discriminative verification. For each estimated object
o ∈ Oest, a binary Yes/No verification query is sent to
the VLM: “Is there a {o} in this scene? Answer only
Yes or No.” Using batched single-token inference with



log-probability extraction, a confidence score pyes(o) is
obtained for every object.

L.2. Evaluation Protocol and Metrics
Matching Procedure. For each frame and each object,
predictions are matched against ground truth by exact ob-
ject name matching. For objects present in the GT but ab-
sent from the VLM predictions (or vice versa), the corre-
sponding entry is recorded as a miss (false negative) or false
positive, respectively.

Metrics. We compute the following metrics for each rela-
tionship axis: For each label l in the vocabulary of an axis
(e.g., each of the 3 attention labels, 17 contacting labels, or
6 spatial labels):

Precision(l) =
|TP(l)|

|TP(l)|+ |FP(l)|
(43)

Recall(l) =
|TP(l)|

|TP(l)|+ |FN(l)|
(44)

F1(l) = 2 · Precision(l) · Recall(l)
Precision(l) + Recall(l)

(45)

Macro-averaged and micro-averaged F1. Macro-
average computes the mean F1 across all labels; micro-
average computes precision and recall over all instances
globally.

Attention accuracy. Since attention is single-label, we
additionally report top-1 accuracy.

Verification-aware metrics. When verification scores are
available (pyes), we evaluate at multiple confidence thresh-
olds τ ∈ {0.3, 0.5, 0.7, 0.9} to generate precision–recall
trade-off curves. A predicted label is accepted only if
pyes ≥ τ .

L.3. Method 1: Caption-Based Generation
The caption-based method provides a lighter-weight ap-
proach that bypasses graph construction, keyword extrac-
tion, and node retrieval entirely.

Caption-Enriched Prompting. VLM-generated natural-
language descriptions of the video content are used to aug-
ment the relationship prompt. Captions S = {(is, ts)} are
loaded from the offline Phase-0 caption generation pipeline,
where each (is, ts) pairs an annotated frame index is with a
text summary ts of the corresponding video clip.

For each annotated frame fk, captions are sorted by tem-
poral proximity and formatted into a context string:

SUBCTX(S, fk) = format
(
sort(S, key = |is − k|)

)
,

(46)

Algorithm 3 U-WSGG-SUB: Caption-Enriched VLM
Querying
Require: Video V , frames F , objects Ov , captions S
Ensure: Predictions {R̂(fk, oj)}k,j

1: TV ← LOADVIDEO(V )
2: A← BUILDANNOTATEDCTX(F , V )
3: S ← LOADCAPTIONS(V ) ▷ From Phase-0 pickle
4: for fk ∈ F do
5: vk ← fk ⊕A
6: sk ← SUBCTX(S, fk) ▷ Proximity-sorted
7: end for
8: Q ← ∅
9: for fk ∈ F , oj ∈ Ov do

10: p← sk ⊕ RELQUERY(oj) ▷ Caption + query
11: Q ← Q∪ {(p, vk)}
12: end for
13: {R̂} ← VLMbatch(Q) ▷ 1 batched call
14: {pyes} ← BULKVERIFY({R̂})

yielding entries such as “[Frame 45] A person is drinking
from a cup.” This context is prepended to the relationship
prompt:

R̂cap(fk, oj) = VLM
(
SUBCTX(S, fk)⊕RELQUERY(oj), VISCTX(fk)

)
.

(47)

Annotation-Driven Per-Frame Clips. Each query uses
the annotation-driven clip for its target frame. If no per-
frame clip is available, the full-video tensor is used as fall-
back.

Caching. The caption context string is identical for all ob-
jects queried on the same frame. It is therefore computed
once per frame and reused across the M object queries, re-
ducing string formatting overhead from K ×M to K oper-
ations.

Single Batched Inference. All caption-enriched prompts
across all frames and all objects are collected into a single
batch and processed via one batched VLM call (chunked
into sub-batches of 64). Subsequently, one bulk verification
call (if not skipped) scores all predictions.

Limitations. Captions provide unstructured, global scene
context that does not adapt to the specific object being
queried. A caption describing “the person picks up a cup
and walks to the table” is equally prepended whether the
query targets the cup, the table, or a chair that is out of
frame. This motivates the structured, query-specific re-
trieval of UWSGG-GRAPHRAG.



L.4. Method 2: Graph RAG-Based Generation
The Graph RAG method leverages a precomputed scene
graph from Phase 1 to produce semantically-grounded
pseudo-annotations. Unlike the caption-based approach,
Graph RAG constructs a structured retrieval index that en-
ables query-specific context selection before the VLM call.

Precomputed Graph Loading. Per-clip graphs produced
by Phase 1 are loaded and merged into a single video-level
directed graph. Node IDs are re-indexed with offsets to
avoid collisions across clips. An entity graph (inverted in-
dex mapping entity names to node sets) is reconstructed
from all clip-level entities, actions, and scenes. Captions
are collected as (frame index, text) pairs. Clip intervals
are also extracted to enable annotation-driven per-frame clip
loading.

4-Step Query Resolution Pipeline. For efficiency, the
pipeline deduplicates queries across frames since the same
object prompts recur on every frame, only unique prompts
are processed through the first three steps. The results are
then broadcast back to all entries for the frame-specific final
answer.

Step 1: Keyword Extraction. One batched VLM call ex-
tracts keywords from all unique query prompts. Each re-
sponse contains entity names, scene descriptors, and action
keywords used for graph retrieval.

Step 2: Cached Node Retrieval. Graph node retrieval
uses a BGE embedding model with precomputed embed-
dings (computed once per video). Entity matching (cosine
similarity > 0.5) and content re-ranking identify the top-
Nretrieval = 20 graph nodes per query. No VLM call is re-
quired in this step.

Step 3: Templatised Node Refinement. Retrieved nodes
are verified using fixed template sub-questions: (i) “Is
the ‘{object}’ visible or interacted with in this video seg-
ment?” (ii) “Is there a person visible in this video segment?”
One batched VLM call processes all node-check prompts.
Nodes are ranked by the number of “yes” answers.

Step 4: Frame-Specific Final Answer. Each (frame, ob-
ject) pair receives its answer grounded on the annotation-
driven clip for that specific frame (same temporal segmenta-
tion as graph construction). If no per-frame clip is available,
the RAG-selected clip from node refinement is used; as a
last resort, the full-video tensor serves as fallback. Graph-
node context (entities, actions, scenes from the top-ranked
node) is prepended to the prompt. One batched VLM call
generates all relationship predictions.

Table 15. Comparison of the two U-WSGG generation methods.

Property Caption-Based Graph RAG-Based

CONTEXT SIGNAL Frames + captions Frames + captions + graph
USES PRECOMPUTED GRAPH × ✓
QUERY-SPECIFIC RETRIEVAL × ✓ (embedding)
CAPTION PROXIMITY SORT ✓ ✓
NODE REFINEMENT × ✓ (template Q&A)
GRAPH CONTEXT INJECTION × ✓ (entity/action/scene)
QUERY DEDUPLICATION × ✓ (K× for Steps 1–3)
EMBEDDING CACHE × ✓ (BGE, once/video)
VLM GENERATION CALLS 1 batched 4 batched
VLM VERIFICATION CALLS 1 bulk 1 bulk
PER-FRAME VISUAL INPUT Annotation clip Annotation clip + RAG clip
GROUNDING SIGNAL Captions + video Graph context + captions + video

Table 16. VLM call counts per video. Nr: retrieved nodes per
query; |R̂|: avg. labels per prediction.

Method Generation Verification

Caption-Based KM KM · |R̂|
Graph RAG-Based M +M ·Nr +KM KM · |R̂|

Caption Context Integration. Both the generative and
verification prompts are augmented with caption context.
Captions are sorted by temporal proximity.

LLM Call Summary. In total, the RAG method uses:
(1) one batched keyword extraction (unique prompts);
(2) cached node retrieval (CPU-only, no VLM call); (3) one
batched node checking (unique prompts); (4) one batched
final answer (frame-specific clips); (5) one bulk relationship
verification (optional, all frames and queries). All batched
calls are chunked into sub-batches of 64.

L.5. Method Comparison
Table 15 provides a systematic comparison of the two meth-
ods along key architectural dimensions.

L.6. Efficiency and Complexity Analysis
Table 16 summarises the VLM call complexity for a video
with K annotated frames and M = |Ov| objects.

Deduplication Savings. The overhead of Graph RAG
over the caption baseline isO(M +M ·Nr) = O(M ·Nr)
for Steps 1–3. Crucially, this cost is independent of K
due to deduplication. For typical Action Genome videos
(K ≈ 30, M ≈ 8, Nr = 20), the naı̈ve cost of performing
Steps 1–3 per frame would be K ·M · Nr = 4,800 calls;
deduplication reduces this to M +M ·Nr = 168 calls—a
∼29× reduction.

Embedding Cost. Step 2 (graph retrieval) requires no
VLM calls—only cached matrix multiplications through
the BGE embedding model. The forward pass through BGE



Table 17. Prompt usage per method. ✓ = used; × = not used.

P0 P1 P2 P3 P4 P5

Caption-Based × × × × ✓ ✓
Graph RAG-Based ✓ ✓ ✓ ✓ ✓ ✓

for M keyword sets is negligible compared to VLM infer-
ence time.

Sub-Batching. All batched VLM calls are chunked into
sub-batches of 64 prompts to prevent GPU OOM and
vLLM scheduler thrashing. The BGE embedding model
(∼670 MB) runs on GPU alongside the VLM with minimal
memory contention.

Prompt Usage Summary. Table 17 cross-references
which prompt templates are used by each method.

Implementation Details. All VLMs are deployed via
the vLLM inference engine with tensor parallelism. Key
performance optimisations include: (i) 8× frame subsam-
pling for videos with >120 frames, (ii) query deduplication
(RAG only), processing unique prompts across steps 1–3
for an ∼K× reduction, (iii) precomputed graph embed-
dings shared across queries (RAG only), (iv) annotation-
driven clips matching Phase 1 segmentation, and (v) chun-
ked batching of all VLM calls into sub-batches of 64 to pre-
vent OOM.

M. Conclusion & Future Work
Limitations. Although we see that GraphRAG with
MLLMs is a promising direction, we note that with a bet-
ter model, we can further improve the performance of the
proposed task. Also in WSGG, we note that our perfor-
mance is limited by the performance of the 3D object de-
tection models. Future Work. Extending WORLDWISE
to online, variable-length contexts for real-time world-state
maintenance, enabling active sensing policies that query
the representation to decide where to look next. Replac-
ing the multi-stage geometric pipeline with end-to-end 3D-
aware detectors. Extending object and predicate vocabular-
ies via VLM language grounding. Integrating world scene
graphs as the state representation for closed-loop planning
agents that continuously replan based on updated world
state. Evaluating world scene graphs in activity understand-
ing, embodied navigation, and robotic manipulation.
World Scene Graphs as Structured World Representa-
tions. We note that the world scene graph is not itself
a world model that predicts future states or simulates the
consequences of actions; rather, it is a structured, inter-
pretable, and queryable representation of the current and
remembered world state. As such, it provides the founda-
tional state substrate on which world models, active sensing
policies, and closed-loop planners can operate—explicitly
encoding what is known, what is uncertain (the unobserved
set U t), and how entities relate, thereby grounding down-
stream decision-making in a persistent, 3D-anchored scene
understanding.
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