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ABSTRACT

Understanding interaction dynamics in egocentric video remains a fundamental challenge for
grounded vision language systems. Existing approaches detect objects and actions but often fail
to synthesize them into temporally consistent, interpretable relational representations. We intro-
duce Orion, a fully deterministic and interpretable pipeline that transforms raw perceptual streams
into symbolic, queryable knowledge graphs through a process termed semantic uplift. Seman-
tic uplift converts low-level detections, embeddings, and tracks into structured entities, relations,
and influence-aware events. Orion integrates modular perception components, using DINO-based
backbones for object proposals, V-JEPA2 for appearance representation and re-identification, and
a lightweight FastVLM-style backend for natural language entity descriptions. Entities and re-
lations are assembled into temporally aligned scene graphs. An explicit Causal Influence Score
(CIS) deterministically aggregates temporal, spatial, motion, and semantic evidence to estimate
directed influence between entity pairs, enabling transparent and auditable reasoning about in-
teraction patterns. Orion positions semantic uplift as a bridge between low-level vision outputs
and high-level relational representations while remaining fully interpretable. Code is available at:
https://github.com/riddhimanrana/orion-research/.

1 INTRODUCTION

Understanding causal dynamics in video is essential for building grounded vision-language systems capable of rea-
soning about complex real-world interactions. Applications such as robotics, augmented reality, and human behavior
modeling require more than detecting objects and actions in isolation; they demand representations that integrate these
elements into temporally consistent and causally meaningful structures that can support inspection, explanation, and
downstream decision-making (Ji et al., 2020).

Video Scene Graph Generation (VidSGG) extends image-based scene graph generation into the temporal domain by
modeling object identities and relations across time. Early approaches relied on spatio-temporal transformers and
recurrent architectures to aggregate interactions (Cong et al., 2021), while later work incorporated stronger temporal
reasoning and long-range dependencies (Feng et al., 2023). Recent benchmarks such as Panoptic Video Scene Graph
Generation (PVSG) (Yang et al., 2023) and Action Genome (Ji et al., 2020) significantly increased task difficulty
by requiring long-term temporal consistency, compositional reasoning, and robust handling of complex interaction
dynamics.

Despite these advances, most VidSGG systems rely on end-to-end learned models that introduce stochasticity and
opaque decision-making (Nag et al., 2023; Nguyen et al., 2025). As a result, reasoning about interaction dynamics
is often implicit and difficult to inspect, debug, or trust in explainability-critical downstream systems. While such
models can capture statistical regularities, they rarely expose the intermediate evidence supporting predicted relations.
Scene graph anticipation methods further compound this issue by relying on learned temporal priors that obscure why
specific future relations are predicted (Ji et al., 2020; Feng et al., 2023).
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We address these limitations by introducing Orion, a fully deterministic and modular pipeline for video scene graph
generation with explicit causal influence scoring. Orion performs semantic uplift by composing pretrained perception
components into a transparent pipeline that converts raw video into symbolic, queryable scene graphs. Unlike prior
approaches that encode interaction patterns implicitly within neural representations (Cong et al., 2021; Nguyen et al.,
2025), Orion introduces an explicit, parameter-free Causal Influence Score (CIS) that aggregates interpretable tempo-
ral, spatial, motion, and semantic evidence into directed influence estimates. Rather than performing formal causal
inference, CIS provides transparent and auditable proxies for potential interaction pathways.

Our contributions are:

• We introduce Orion, a fully deterministic and modular pipeline for semantic uplift from video to symbolic
scene graphs.

• We introduce an explicit Causal Influence Scoring (CIS) formulation for transparent, evidence-based estima-
tion of directed interaction influences.

2 RELATED WORK

Video scene graph generation (VidSGG) seeks to parse dynamic video content into temporally consistent graphs of
objects and their evolving relationships, enabling applications ranging from action understanding to future predic-
tion. Foundational efforts extended static scene graph generation to video by introducing architectures that capture
spatio-temporal interactions. The Spatial-Temporal Transformer (STTran) (Cong et al., 2021) and its variants em-
ploy transformer layers to aggregate pairwise dependencies across frames. DETR-based approaches, including DSG-
DETR (Feng et al., 2023) and DSG-DETR++(Feng et al., 2023), further model long-range dependencies through
query propagation and iterative encoder-decoder refinement. Target-adaptive context aggregation methods, such as
TRACE (Teng et al., 2021), introduce hierarchical relation trees to efficiently capture spatio-temporal context, im-
proving efficiency and recognition accuracy at the frame level.

Beyond standard scene graph generation (SGG), scene graph anticipation (SGA) aims to predict future object interac-
tions and relations from partial video observations. This setting requires modeling long-term temporal dependencies
and reasoning under uncertainty. SceneSayer (Peddi et al., 2024) adopts a continuous-time formulation for SGA,
evolving object-centric representations using Neural ODE and SDE dynamics to achieve strong performance on Ac-
tion Genome. Complementary structural approaches include HIG (Nguyen et al., 2024b), which organizes interactions
through multi-level interlacement graphs, and CYCLO (Nguyen et al., 2024a), which employs cyclic graph transform-
ers to capture periodic and overlapping relations. For long-form egocentric video understanding, Egocentric Action
Scene Graphs (EASGs) (Rodin et al., 2024) extend scene graph representations to temporally evolving graphs of
actions, objects, and relations.

Emerging zero-shot and modality-agnostic approaches seek to mitigate the data scarcity and annotation cost inherent
to large-scale video scene graph datasets. SAMJAM (Li et al., 2025) enables zero-shot VidSGG in egocentric kitchen
environments by combining Segment Anything Model tracking with multimodal prompting for semantic grounding.
Universal Scene Graph (USG) (Wu et al., 2025) proposes a unified representation spanning text, images, video, and
3D, facilitating cross-modal transfer without extensive task-specific supervision.

Standard benchmarks closely mirror the objectives of SGG and SGA. Action Genome (Ji et al., 2020) decomposes
Charades actions into spatio-temporal scene graphs under constrained observation, enabling evaluation of future re-
lation prediction. Panoptic Video Scene Graph Generation (PVSG) (Yang et al., 2023) provides panoptic masks and
fine-grained temporal annotations across third-person and egocentric videos, supporting holistic and temporally con-
sistent scene graph generation.

While these methods have substantially advanced performance, most rely on supervised end-to-end training or dataset-
specific adaptation, entangling relational reasoning within opaque learned parameters. Explicit causal attribution,
auditability, and full determinism remain largely unaddressed. Orion departs from this paradigm by assembling off-
the-shelf pretrained modules into a fully zero-shot, configuration-driven pipeline. It augments scene graphs with a
parameter-free Causal Influence Score (CIS) that provides transparent, multi-modal estimates of directed interaction
influence, bridging perceptual grounding and interpretable relational reasoning while achieving competitive accuracy
on established benchmarks.
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Figure 1: Overview of Orion: Raw egocentric video frames are processed through modular, deterministic stages
to produce temporally aligned scene graphs with explicit Causal Influence Scores (CIS) quantifying directed entity
influences.

3 METHOD

Orion processes input videos through a series of modular and fully deterministic stages: frame sampling and pre-
processing, object detection and feature extraction, temporal tracking, and scene-graph construction from tracked
entities. This yields temporally aligned per-frame scene graphs, optionally augmented with Causal Influence Scoring
(CIS) that assigns directed influence edges (e.g., influences, grasps, moves with) using temporal co-occurrence, spatial
proximity (with depth gating), motion alignment, and semantic compatibility. Figure 1 shows an overview of Orion.

3.1 FRAME SAMPLING AND OBJECT DETECTION / PROPOSAL GENERATION

The input video is sampled at 5 FPS. Detection uses a two-stage propose → refine pipeline: GroundingDINO (Liu
et al., 2024) generates bounding-box proposals, and DINOv3 (Siméoni et al., 2025) refines labels and confidences
using full-frame context (detailed refinement process in appendix).

3.2 VISUAL EMBEDDING GENERATION

Appearance representations and re-identification use V-JEPA2 (Assran et al., 2025) to generate normalized, video-
aware (spatio-temporal) embeddings per tracked detection, supporting robust tracking under occlusion and viewpoint
changes.

3.3 CAUSAL INFLUENCE SCORING (CIS)

For every ordered entity pair (a, b) whose observations fall within a temporal window of 30 frames, Orion computes a
deterministic Causal Influence Score (CIS) estimating directed influence a → b:

CIS(a → b) = wtT + wsS + wmM + wseSse, (1)

where T , S, M , and Se capture temporal proximity (exponential decay over time difference), spatial proximity (nor-
malized centroid distance), motion alignment (velocity cosine similarity), and semantic compatibility (embedding co-
sine similarity), respectively; full definitions are provided in the appendix. Default weights are wt = 0.30, ws = 0.44,
wm = 0.21, wse = 0.05; a directed link is retained when CIS ≥ 0.50.

4 EXPERIMENTS

We evaluate Orion on standard benchmarks for video scene graph generation (SGG) and anticipation (SGA): PVSG
for SGG and Action Genome for SGA.
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Method R@10 R@20 R@50

STTran+ (Cong et al., 2021) 14.9 22.6 42.9
DSG-DETR+ (Feng et al., 2023) 15.2 23.1 43.3
STTran++ (Cong et al., 2021) 16.6 29.1 51.5
DSG-DETR++ (Feng et al., 2023) 17.4 30.5 51.9
SceneSayer ODE (Peddi et al., 2024) 26.4 36.6 49.8
SceneSayer SDE (Peddi et al., 2024) 28.4 38.6 51.4
HyperGraph (Nguyen et al., 2025) 29.2 39.3 52.1
HyperGLM (Nguyen et al., 2025) 30.0 40.5 53.5
Orion (ours) 18.4 32.7 47.7

Table 1a: Comparison (%) on Action Genome (SGA) with F =
0.5. Recall@10, @20, @50 (No Constraint).

Method R@20 R@50 R@100

Transformer (Yang et al., 2023) 4.0 4.4 4.9
HIG (Nguyen et al., 2024b) 4.6 4.9 5.4
CYCLO (Nguyen et al., 2024a) 5.8 6.1 6.7
HyperGraph (Nguyen et al., 2025) 6.5 7.0 7.5
HyperGLM (Nguyen et al., 2025) 7.5 8.1 8.5
Orion (ours) 6.4 7.1 7.6

Table 1b: Comparison (%) on PVSG (SGG) using Recall@20,
@50, @100.

Table 1: Comparative performance of Orion. We report results on (a) Action Genome for Scene Graph Anticipation
(SGA) and (b) PVSG for Video Scene Graph Generation (SGG). Despite its zero-shot nature, Orion remains compet-
itive with supervised baselines.

4.1 DATASETS

• PVSG (Yang et al., 2023): 400 long videos with panoptic masks and 57 temporal relation classes across
third-person and egocentric sources.

• Action Genome (Ji et al., 2020): 10K videos with spatio-temporal object and relationship annotations for
SGA.

4.2 SETUP AND METRICS

For PVSG (SGG), we report R@K (K ∈ {20, 50, 100}), measuring fraction of ground-truth triplets correctly predicted
in top-K ranked by pipeline confidence (volume IoU 0.5 for temporal tube matching).

For Action Genome (SGA), we report R@K (K ∈ {10, 20, 50}) under F = 0.5 No Constraint setting, quantifying
future triplet retrieval in top-K.

Orion is evaluated zero-shot: no training, fine-tuning, or adaptation. We use pretrained components (Ground-
ingDINO (Liu et al., 2024), DINOv3 (Siméoni et al., 2025), V-JEPA2 (Assran et al., 2025), FastVLM (Vasu et al.,
2025)) at 5 FPS.

4.3 RESULTS

On Action Genome SGA (F = 0.5, No Constraint), Orion achieves R@10 of 18.38%, R@20 of 32.7%, R@50 of
47.73% (Table 1a). These exceed early transformer methods (STTran+, DSG-DETR+) and remain competitive with
recent approaches (SceneSayer ODE/SDE, HyperGraph, HyperGLM), despite zero-shot operation versus supervised
training. On PVSG SGG, Orion records R@20 of 6.4%, R@50 of 7.1%, R@100 of 7.6% (Table 1b), close to Hy-
perGraph/HyperGLM while surpassing earlier baselines (Transformer, HIG, CYCLO) under stringent volume IoU
matching. These results show a modular zero-shot pipeline with explicit CIS can deliver competitive performance
while preserving determinism and full interpretability, making Orion suitable for explainability-critical applications
like robotics and augmented reality.

5 CONCLUSION

Orion demonstrates that fully deterministic and transparent video scene graph generation is feasible by combin-
ing modern pretrained components in a modular and inspectable pipeline (GroundingDINO (Liu et al., 2024), DI-
NOv3 (Siméoni et al., 2025), V-JEPA2 (Assran et al., 2025), and FastVLM (Vasu et al., 2025)). The explicit Causal
Influence Scoring module provides interpretable, evidence-based estimates of directed interaction influences, enabling
users to reason about video dynamics in a transparent and auditable manner. This design highlights a practical pathway
toward explainable video understanding systems that balance performance, generality, and interpretability.
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6 LIMITATIONS

Orion is designed to prioritize determinism, modularity, and interpretability, and this design entails several scoped
limitations. The proposed Causal Influence Score is a heuristic aggregation of temporal, spatial, motion, and semantic
cues, and should be interpreted as an interpretable proxy for interaction influence rather than a formal causal inference
mechanism. In addition, the current system primarily relies on 2D bounding-box geometry with limited depth infor-
mation, which may reduce robustness in highly occluded scenes or complex 3D interactions. Addressing these aspects
while preserving transparency remains an important direction for future work.
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Appendix

A IMPLEMENTATION DETAILS

A.1 SPATIAL RELATION INFERENCE

Orion augments object tracks with simple, interpretable spatial predicates to form per-frame scene graphs that support
downstream querying (e.g., “what is near the cup?”) and provide structured context for later temporal reasoning. For
each frame, we infer near, on, and held by edges from 2D bounding-box geometry (with optional person keypoints
when available). Let bi = [x1, y1, x2, y2] be the bounding box of entity i, with centroid ci ∈ R2, in an image of size

Wimg×Himg and diagonal D =
√
W 2

img +H2
img; we define normalized centroid distance d(i, j) = ∥ci−cj∥2/D and

the usual IoU(bi, bj). We add (i,near, j) when d(i, j) is below a configurable threshold and IoU(bi, bj) is small to
avoid trivial overlap-based matches (defaults d(i, j) ≤ 0.08 and IoU(bi, bj) < 0.10, with a tighter distance threshold
of 0.06 for small objects). We add (i,on, j) when i is supported by j, operationalized by sufficient horizontal overlap
between boxes and a small vertical gap between the bottom of i and the top of j (normalized by Himg), together with
a centroid ordering constraint (default horizontal-overlap ≥ 0.30 and vertical-gap ≤ 0.02, with adaptive relaxation for
small subjects). Finally, for a non-person entity i and a person entity p, we add (i,held by, p) if IoU(bi, bp) ≥ 0.30
or if the centroid of i lies inside bp; if hand keypoints are available, we optionally use a hand-to-object proximity test,
and we keep at most one held by edge per object by selecting the best-scoring person in that frame. All predicates
and thresholds are configurable; in this work we use the defaults above to obtain stable, easily-audited spatial graphs
without requiring a learned relation classifier.

A.2 DINOV3 REFINEMENT & CLASSIFICATION

After initial proposal generation, DINOv3 performs context-aware label refinement. While the proposal stage fo-
cuses on generating candidate bounding boxes, this stage leverages full-frame features to re-evaluate each proposal
using global scene context. DINOv3 extracts full-frame representations once per frame, pools region features for
each proposal, and produces refined class labels, confidence scores, and optional attributes (such as age or gender)
obtained either via dedicated linear classification heads or through zero-shot heuristics. This separation enables robust
classification without altering box geometry or introducing additional proposals.

A.3 ENTITY TRACKING AND MOTION SUMMARIES

Stable entity IDs are assigned using the EnhancedTracker / EntityTracker, which combines appearance similarity
(computed via V-JEPA2 cosine similarity), geometry (via IoU), and motion heuristics. Each PerceptionEntity main-
tains a persistent ID along with per-frame observations including bounding box, timestamp, and confidence; it also
tracks a prototype embedding, canonical box statistics, temporal bounds defined as [tfirst, tlast], and smoothed estimates
of velocity and direction.

A.4 CAUSAL INFLUENCE SCORING

The components are defined as follows. Temporal proximity is captured by

T = exp

(
−∆t

τ

)
, (2)
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where ∆t = |ta − tb| is the absolute time difference (in seconds) between the timestamps ta and tb of the two
observations, and τ > 0 is a decay constant.

Spatial proximity is given by
S = 1−min(1, dnorm), (3)

where dnorm = ∥ca − cb∥2/D ∈ [0, 1] is the normalized Euclidean distance between the 2D bounding-box centroids

ca, cb ∈ R2 (in pixel coordinates), and D =
√

H2
img +W 2

img is the image diagonal.

Motion alignment is measured via
M = max(0, cos(va, vb)) , (4)

where va, vb ∈ R2 are the per-entity 2D velocity vectors (pixels/frame), estimated from consecutive centroid differ-
ences via the upstream tracker.

Finally, semantic compatibility is
Sse = max(0, cos(ea, eb)) , (5)

where ea, eb ∈ Rd are unit-normalized prototype embeddings associated with the entities (i.e., ∥ea∥2 = ∥eb∥2 = 1),
and cos(·, ·) denotes cosine similarity:

cos(x, y) =
x⊤y

∥x∥2∥y∥2
. (6)

B QUALITATIVE EXAMPLE

Figure 2 shows a representative frame from the PVSG dataset together with Orion’s predicted entities and relations,
illustrating the interpretability of the generated scene graph.
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(a) Extracted video frame with tracked entities and color-coded bounding boxes.

(b) Predicted scene graph. Directed edges represent causal influence (CIS > 0.5), illustrating the deterministic semantic uplift from
detections to relational interaction.

Figure 2: Qualitative example of Orion’s interpretability. (top) A frame from PVSG dataset and (bottom) the
resulting scene graph. Note how the directed edges and CIS scoring allow for auditable reasoning of the interaction
between the subject and the object.
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