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Abstract. We introduce Synthetic Visual Genome 2 (SVG2), a
large-scale panoptic video scene graph dataset. SVG2 contains over 636K
videos with 6.6M objects, 52.0M attributes, and 6.7M relations, pro-
viding an order-of-magnitude increase in scale and diversity over prior
spatio-temporal scene graph datasets. To create SVG2, we design a fully
automated pipeline that combines multi-scale panoptic segmentation,
online-offline trajectory tracking with automatic new-object discovery,
per-trajectory semantic parsing, and GPT-5-based spatio-temporal re-
lation inference. Human verification of SVG2 annotation accuracy con-
firms its reliability (objects: 93.8%, attributes: 88.3%, relations: 85.4%).
Building on this resource, we train TRASER, a trajectory-grounded
video scene graph generation model. TRASER augments VLMs with a
trajectory-aligned token arrangement mechanism and new modules: an
object-trajectory resampler and a temporal-window resampler to convert
raw videos and panoptic trajectories into compact spatio-temporal scene
graphs in a single forward pass. The temporal-window resampler binds
visual tokens to short trajectory segments to preserve local motion and
temporal semantics, while the object-trajectory resampler aggregates en-
tire trajectories to maintain global context for objects. On PVSG, VIPSeg,
VidOR, and SVG2test, TRASER outperforms the strongest open-source
baselines by 15~20 points in relation detection, 20~40 points in object
prediction, and 13 points in attribute prediction. It also surpasses GPT-5
by 13 points in object prediction and 3 points in attribute prediction.
When TRASER’s generated scene graphs are sent to a VLM for video
question answering, it delivers a +1.5~4.6 absolute accuracy gain over
using video alone or video augmented with Qwen2.5-VL’s generated scene
graphs, demonstrating the utility of explicit spatio-temporal scene graphs
as an intermediate representation’.
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® The SVG2 data, model checkpoints, and code are available at https://uwgzq.github.
io/papers/SVG2/
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Fig. 1: Synthetic Visual Genome 2 (SVG2), a large-scale synthetic panoptic video
scene graph dataset. SVG2 provides dense panoptic trajectories, fine-grained object
categories and attributes, and temporally grounded spatiotemporal relations across
more than 636K videos, which is an order-of-magnitude increase in scale and diversity
over prior datasets.

1 Introduction

Decades of work in human cognition show that people do more than recognize ob-
jects in an image; they rapidly extract structured relational information between
those objects [5,6,19,24]. Image scene graphs make this structure explicit and
have emerged as a core abstraction in computer vision [27,29]. A scene graph is
a structured, graphical representation of a visual scene, where nodes correspond
to objects (e.g., person, bicycle) and their attributes (e.g. blue, rectangular, old),
and directed edges represent their pairwise relationships (e.g. riding). This repre-
sentation, which bridges the gap between vision and language, has proven to be a
powerful intermediate representation [9,14,16,20,23,64], improving captioning 3],
image retrieval [27], image generation [26], vision-language evaluation |22, 36,63|,
AT auditing [30], and robotic navigation [28]. Spatio-temporal scene graphs [25]
expand this abstraction to video reasoning [10, 15], capturing scene dynamics
and parsing events into changes in relationships between objects (e.g. riding a
bicycle to walking).

Despite their utility, there are very limited high-quality spatio-temporal scene
graphs available. Due to the high cost and difficulty of dense frame-level manual
annotation, current datasets remain limited in scale and difficult to expand [33].
Attempts to annotate only a handful of frames per video have led to incomplete
annotations that do not capture new objects that appear or disappear [20,25].
As a result, models trained on such datasets tend to overfit to dataset-specific
distributions and predicate classifiers. This is exacerbated by the severe long-
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tail bias, sparse and inconsistent annotations, noise, and insufficient temporal
labeling [39, 48, 53]. Consequently, scene graph prediction models struggle to
generalize to new scenes with an open vocabulary of new objects, attributes, and
relationships [40,61].

We address these limitations with Synthetic Visual Genome 2 (SVG2), a
large-scale panoptic synthetic video scene graph dataset. SVG2 contains
over 636K videos, 6.6M objects, 52M attributes, and 6.7M relations. This
dataset is an order-of-magnitude increase in scale and diversity over prior datasets
(Table 1). Human verification of SVG2 confirms the reliability and accuracy
of its annotations, yielding 93.8% accuracy for objects, 88.3% for attributes,
and 85.4% for relations. To create SVG2, we design a holistic, scalable, fully
automated pipeline for synthesizing high-quality video scene graphs. Our pipeline
unifies multi-scale panoptic segmentation [49], trajectory tracking with automatic
new-object discovery, per-trajectory semantic parsing, and GPT-5-based [43]
spatio-temporal relation inference into a robust video scene graph generation
framework. Our heuristic online-offline two-stage tracking mechanism enables
(i) proactively detecting newly emerging instances without human prompts or
external detectors and (ii) preserving identity consistency across the entire video.

With SVG2, we design and train TRASER, a trajectory-grounded
video scene graph parsing model that converts raw videos and panoptic
trajectories into spatio-temporal scene graphs in a single forward pass. Video
scene graph parsing is technically challenging for two key reasons. First, object
categories are globally stable, but attributes and relations are temporally local
and can change rapidly over time. So the model must capture both long-range
semantics and fine-grained temporal variation. Second, long videos with many
objects produce extremely long token sequences and a combinatorial number of
relation candidates, making naive dense encoding and decoding computationally
infeasible.

TRASER addresses these challenges by augmenting VLMs with two modules:
a temporal-window resampler and an object-trajectory resampler. The temporal-
window resampler binds visual tokens to individual object trajectory segments,
compacting dense patch-level tokens into short, trajectory-aligned, time-aware
streams that preserve relationship and attribute changes. The object-trajectory
resampler summarizes across the tokens of a specific object’s trajectory to encode
global object context.

Coupled with strong pretrained VLM priors and training on SVG2, TRASER
generates structured, temporally consistent scene graphs. Our resampler designs
translate into clear gains: the object-trajectory resampler yields substantial im-
provements in object recognition, while the temporal-window resampler drives
large gains in relation prediction. Empirically, TRASER improves relation predic-
tion by 15~20 percentage points over the strongest open-source models [17,21,58],
boosts object prediction by 20 to 40 points over open-source baselines [4,21,57,62]
and by 13 points over GPT-5 [43], and raises attribute prediction by 13 points
relative to open-source state of the art [21,21,58].
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Fig. 2: Overview of SVG2 synthesis pipeline. Phase 1: panoptic trajectory generation
with online—offline object tracking mechanism that discovers new objects and preserves
identity consistency. Phase 2: per-trajectory description and semantic parsing. Phase
3: GPT-5-based spatiotemporal relation inference to produce the final video scene
graph.

Finally, we evaluate the utility of TRASER’s generated scene graphs using
video question answering. For this, we use the AGQA dataset [20] and the
Perception-Test [45]. When we feed TRASER'’s predicted video scene graphs into
GPT-4.1, we obtain absolute accuracy gains of +1.5~4.6 over baselines using
video only or video augmented with Qwen2.5-VL’s scene graphs. This result
suggests that TRASER is able to surface and summarize useful information that
even Qwen2.5-VL misses.

2 Related work

Scene graph datasets. Early scene graph research was enabled by the in-
troduction of Visual Genome [29], which provided large-scale object, attribute,
and relational annotations. Follow-up datasets focused on improving annota-
tion quality, coverage, or grounding: VRD [35] offered cleaner predicate labels
for relationship detection, Open Images V6 [31] expanded to mask-grounded
relations, and PSG [59] introduced panoptic segmentation as the grounding
for scene graph nodes. Most recently, Synthetic Visual Genome (SVG) [44]
scales image scene graphs to the million-image level and provides dense rela-
tional annotations, approximately 4 times more relations per object than Visual
Genome. In the video domain, several Video Scene Graph datasets have been
introduced [13,18,25,41,50-52]. However, large-scale datasets with dense and
temporally structured annotations remain a challenge [32,61]. Our work aims to
close these gaps by proposing a robust pipeline to create large-scale video scene
graph datasets.

Video scene graph generation. Prior efforts in video scene graph generation
have attempted to develop unified frameworks capable of constructing temporally
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grounded object-relation graphs directly from raw video data [12,39-41,47,52,
54,61]. Despite these advances, existing approaches exhibit notable limitations.
Early methods relying on bounding-box-based scene graphs [39—41,47,52] struggle
to capture fine-grained spatial details, particularly for non-rigid objects and
amorphous background regions, leading to incomplete or imprecise relational
reasoning. More recent work [60,61] addresses this problem by introducing
segmentation-and-tracking pipelines approach but fail to achieve dense object
relationships and attributes.

3 Synthetic Visual Genome 2

We introduce SVG2, a large-scale synthetic video dataset built upon our newly
designed automated VSG generation pipeline. Unlike static image scene graphs,
video scene graphs must encode temporal dynamics, capturing both the continuous
motion of visual entities and the evolving interactions among them. Building such
representations requires solving three core challenges: (1) Consistent and accurate
instance-level tracking across the entire video, including object emergence and
disappearance. (2) Exhaustive identification of all objects and their attributes.
(3) Precise extraction and temporal localization of inter-object relationships,
covering both spatial and temporal interactions.

3.1 Automatic pipeline

To address these challenges, we propose a fully automated synthesis pipeline
(Fig. 2) that integrates SAM2 [19], Describe Anything (DAM) [34], and GPT-
5 [43], producing dense, temporally grounded, and semantically rich video scene
graphs. More details are provided in Appx. ?7.

Phase 1: Panoptic trajectory generation. To obtain dense and temporally
consistent object trajectories, we leverage SAM2 to produce high-quality panoptic
masks on each frame using multi-scale grid prompts. These per-frame masks
serve as candidates for object tracking. Because SAM2 cannot proactively detect
newly appearing objects and is sensitive to prompt initialization, we introduce a
two-stage online—offline tracking framework that achieves both dynamic object
discovery and global temporal consistency. In the online stage, we propagate
initial masks forward while continuously monitoring uncovered regions. When
candidate masks cover new or previously untracked areas beyond a threshold,
the pipeline identifies object emergence, assigns new object IDs, and resumes
propagation. A conservative asymmetric-overlap matching strategy prevents
identity switches under occlusion or reappearance. To restore full temporal
history, the offiine stage replays the video once more, reinitializing each object
at its first appearance and tracking all instances jointly in a single forward pass.
This produces globally stable, complete trajectories. A lightweight post-filtering
module removes redundant overlapping tracks and corrects minor mask artifacts
(Appx. 77?). At ToU = 0.5, our tracking achieves AR of 0.754 (VIPSeg [37]), 0.686
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(PVSG [61]), and 0.623 (VidOR [51]), demonstrating robust performance across
diverse benchmarks.

Phase 2: Object description and structured parsing. After obtaining
panoptic segmentation trajectories, we generate detailed textual descriptions
for each object track using DAM-3B-Video [34]. These descriptions are then
processed by GPT-4.1-nano [1] to extract the object name and associated ad-
jectival attributes (e.g., color, shape, etc.). To mitigate synthetic-label noise, we
introduce a SAM3-based verification step after Phase 2. We prompt SAM3 [8]
with object labels extracted from the structured annotations to obtain SAM3
instance trajectories, then match each original trajectory to SAM3 trajectories
using video-level spatiotemporal IoU with a Hungarian assignment. SAM3 is used
purely as a verifier: we keep the original masks and discard objects whose labels
are not supported by the matched SAM3 trajectories.

Phase 3: Inter-object spatiotemporal relation extraction. We then pass
sampled frames along with object IDs, names, and bounding boxes to GPT-5
for inter-object relation inference. Building on prior image scene-graph tax-
onomies [20,25], we define a video-adapted relation space covering seven types:
spatial (geometric/positional context), functional (contact and manipulation),
stateful (persistent attachment or carrying), motion (relative movement over
time), social (animate-to-animate interaction), attentional (gaze or camera focus),
and event-level (temporally extended, goal-directed dynamics). Considering that
spatial relations naturally dominate over non-spatial relations in diverse video
environments, we split each video into two batches and query GPT-5 separately
for spatial and non-spatial relation extraction. For spatial relations, we sup-
press trivial 2D cues (e.g., left of, right of) derivable directly from mask layout,
prompting GPT-5 to focus on non-trivial relations that require visual evidence.
Human verification. To assess dataset quality, we randomly sample 1.2K object
trajectories, 2K attributes and 1.1K relations for manual verification. Human
annotators report 93.8% accuracy for objects, 88.3% for attributes and 85.4% for
relations. Among relation errors, about 86% stem from predicate errors under
occlusion or crowded scenes, and 14% from temporal range errors. We further
verify 350 sampled complete triplets and obtain 84.3% accuracy. We find that
predicate-correct but subject/object-wrong cases are rare; endpoint and predicate
errors are often correlated.

3.2 Extracted dataset

Leveraging our pipeline, we create SVG2, which contains 636K automatically
annotated videos, and SVG2¢est, a high-quality expert-annotated diagnostic
benchmark of 100 videos (More dataset statistics are provided in Appx. ?77).

SVG2. We sample 43K videos from SA-V [49] and 593K videos from PVD [7].
SA-V provides strong manually annotated trajectories, but they are temporally
sparse and limited in panoptic completeness. To address this, we introduce
a hybrid refinement step during tracking in phase 1: we first propagate the
human-annotated masks across all frames, then align and compare the resulting
trajectories with those produced by our pipeline. We preserve synthetic masks in
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Table 1: Comparison with related benchmarks. Subscripts s/p denote sparse
(sampled) vs. dense (per-frame) annotations. ‘Cls’ indicates the number of categories. (*)
AG reports total frame-level relation instances, whereas others report unique trajectory-
level instances.

Data #Vid Ann. Type Fr\a;ir&e/ #T?'gj/ %?SJ #Rel Cls #Attr

SAM-2

SA-V [49] 50.9K Segs 330  0.6M - - - -

-+ Human
VIPSeg [37] 2.8K Human Segs 23 382K 124 - - -
VidVRD [52] 0.8K Human Boxg 304 2.4K 35 259K 132 -
AG [25] 7.8K Human Boxg 808 26.2K 35 1.4M* 26 -
VidOR [51] 7.0K Human Boxp 1K 34.6K 80 0.3M 50 -
PVSG [61] 338 Human Segs 375 6.3K 125 3.6K 62 -
VIPSegyval [37] 343 Human Segs 23 4.7K 124 - - -
VidVRDgest [52] 0.2K Human Boxp 258 0.6K 35 4.8K 132 -
AGiest [25] 1.8K Human Boxg 679 7.9K 35 0.5M* 26 -
VidORya [51] 835 Human Boxp 1K 4.0K 80 30.1K 50 -
PVSGyal [61] 62 Human Segs 365 1.3K 108 1.0K 58 -

SVG2 (Ours) 636K Our pipeline Segp 479 6.6M 54.2K 6.7M 35.3K 52M
SVG2¢est (Ours) 100 Human Segp 160 3.2K 749 3.3K 249 9.7K

regions that lack human annotations. This fusion procedure allows us to retain
the precision of manual labels while significantly expanding coverage to achieve
dense panoptic trajectories. We then apply our attribute and relation extraction
stages, resulting in 0.66M object instances, 5.01M attributes and 0.72M
spatiotemporal relations. For the 593K sampled PVD subset, we operate the
pipeline fully automatically. We then generate 5.89M object instances, 46.95M
attributes and 5.99M spatiotemporal relations. This large-scale synthetic stage
substantially broadens the diversity of SVG2 (Tab. 1).

SVG2iest- Existing benchmarks support only closed-set object and relation
evaluation [51,61], with no benchmark jointly assessing objects, attributes and re-
lations over an open vocabulary. We therefore construct SVG24eg, a high-quality
expert-annotated diagnostic benchmark. We select 100 diverse videos from SA-
V [19] and VSPW [38]. Reflecting how humans perceive scenes hierarchically,
annotators follow a multi-granularity panoptic protocol: coarse instance masks
are produced first, then decomposed into salient parts (e.g., a bicycle into frame,
wheels, and handlebars), with open-vocabulary categories, multi-class attributes,
and time-localized relations assigned and consistency-verified throughout. As
shown in Tab. 1, this multi-stage, hierarchical labeling process yields substantially
denser and more diverse per-video annotations than existing splits (with vocabu-
laries 4% to 6x larger and explicit multi-class attributes), enabling evaluation of
fine-grained compositional VSG prediction beyond closed-set graphs.

4 TRASER

The integration of multiple VLMs [34,42,43] in our pipeline ensures high-quality
trajectory-level annotations but incurs considerable computational overhead and
complexity. Yet, existing VLMs lack native support for panoptic mask trajectory
conditioning (typically trained on bbox/point data). To this end, we propose
TRASER, a trajectory-grounded VLM that produces structured video scene
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Fig. 3: TRASER architecture. TRASER first performs trajectory-aligned token
arrangement, grounding ViT tokens to instance trajectories to form identity-preserving
token streams. It then applies an object-trajectory resampler to aggregate global
semantics over each full trajectory, and a temporal-window resampler to preserve
fine-grained motion and temporal cues. The resulting tokens are decoded by the language
model into a structured video scene graph. TraSeR predicts object labels, attributes,
relations, and triplets given object trajectories; it does not jointly discover and track
objects from raw video.

graphs in one pass from raw videos and panoptic object trajectories (Figure 3).
Uunlike free-form video-language tasks (e.g. VideoQA), VSG generation requires
accurate alignment between visual semantics and spatio-temporal scene structure,
structured prediction of hierarchical graph elements (objects, attributes, relations)
rather than natural language, and fine-grained localization with temporal rea-
soning over video patches to capture interactions, motion, and state changes. To
address these challenges, we first bind video patches directly to object trajectories
via trajectory-aligned token arrangement, restoring and preserving consistent
object identities over time. We then compress aligned tokens through a dual
resampler module: an object-trajectory resampler aggregates global semantic
context, and a temporal-window resampler retains fine-grained local motion and
temporal dynamics.

4.1 Trajectory-Aligned Token Arrangement

We first arrange visual tokens based on object trajectory. Given the sampled
frame at time ¢, we define M, ; € {0,1}7*W as the binary segmentation mask
for object 0. In ViT, each output token corresponds to a spatiotemporal region
obtained by merging g consecutive frames and an (m x m) grid of base ViT
patches (each of size P x P pixels). Thus, a token indexed by (tg, ~m, W) covers
a pixel volume of size (¢ x mP x mP) in the original video. We compute a
coverage score C for object o at token (tg, hy,, wy,) by averaging the mask values
over the exact pixel support of each token, followed by a temporal max over the
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frames:

Cmtgﬁm,wm = max (anpOOlmP(Mo,tg‘g+k)[hmvwm]) ) (1)

k€[0,9—1]
where avgpool(-, mP) denotes 2D average pooling on the pixel-level mask. The
kernel size and stride are set to (m x P), matching the token’s exact spatial

pixel footprint. Tokens are assigned to object o if their coverage score exceeds a
threshold 7. € [0, 1]:

Io = {(tg7 hmvwm) ’ Co,tg,hm,wm > Teff} . (2)

This yields a deterministic set of object-associated visual tokens grounded directly
by segmentation evidence. After obtaining the set of object-associated tokens,
we temporally sort them according to their ¢, indices to form an ordered token
trajectory for each object. We concatenate these trajectories across all objects,
and introduce a special [TRJ] token to separate objects and explicitly encode
trajectory boundaries. This arrangement produces a structured token stream
where each object’s trajectory is explicitly segmented and identity-conditioned,
providing the LLM with clear object grounding and temporal continuity priors
before decoding.

4.2 Dual Resampler Module

After trajectory-aligned token arrangement, each object o yields a variable-length
token set X, € Rle[*Pin Directly feeding all tokens into a language model
is computationally prohibitive and can bias attention toward densely sampled
frames and repeatedly selected tokens, which affects stable training. To obtain
compact yet semantically faithful representations, we introduce two resampler
modules that progressively aggregate tokens from pixel-level to object-level and
temporal-window-level summaries.

Object-trajectory Resampler. Given X,, we introduce M learnable latent
queries L € RM>Duatent and resample all arranged tokens of object o using a
Perceiver-Resampler [2] fp:

Z, = fO(Xo, L)’ Z, € R]\/_{XDout. (3)

In this stage, Z, captures the global semantics of object o over its entire temporal
span.

Temporal-window Resampler. While object-Level resampler reduces token
count and abstracts global semantics for each video, it may lose time sensitivity,
which is crucial for capturing per-object dynamics and inter-object temporal
relations. We therefore partition the video into disjoint windows {w} of length
At. Let Xé“’) be the subset of tokens of object o that fall into window w. Using
another group of M’ latent queries L', we resample each window of each object
independently:

Z(gw) = fal(X(gw)a L/)7 Z(()w) € RNI(XDOM' (4)
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If object o is absent in w, no summary is produced for that window, yielding a
presence-adaptive, variable-length sequence across time. To expose temporal posi-
tions explicitly to the language model, we also add timestamp embeddings before
each temporal resampled token. Finally, the output for object o concatenates the
global summary and all window summaries in temporal order:

2o =120; 257 2(;...]. (5)

The two resamplers are complementary: object-trajectory resampler provides
global object-centric semantics, while temporal-window resampler restores tem-
poral granularity. The resulting representation Z, for each object is compact,
object-aware, and time-aware, being well-suited for structured decoding in the
language model.

4.3 Training

Training datasets. We train TRASER by combining our synthetic SVG2, which
provides complete scene-graph supervision, with established human-annotated
benchmarks. Specifically, we integrate video instance segmentation datasets
(LV-VIS [55], OVIS [46], VIPSeg [37]) for robust temporal grounding under
occlusion, and video relation datasets (VidOR [51], VidVRD [52]) to enrich
relational reasoning. To ensure architectural compatibility, we use SAM2 to
convert bounding box annotations from VidOR and VidVRD into segmentation
masks. Finally, we unify these heterogeneous datasets using task-specific templates
that serialize annotations into a standardized autoregressive format, effectively
blending dense synthetic structures with complex real-world dynamics.
Implementation Details. We build on the Qwen2.5-VL-3B and set 7,g=0.5
during trajectory-aligned token arrangement. In the resampling stage, we use
two three-layer Perceiver-Resamplers with 32 learnable latent queries each. We
finetune the model for one epoch (37K steps), freezing the Qwen2.5-ViT backbone
to preserve pretrained visual priors while jointly training the vision—language
projector, object-trajectory and temporal-window resamplers, and the language
model with learning rates of 5x107°, 1x107%, and 2x107°, respectively. This
schedule enables the new resampling modules to adapt more aggressively without
destabilizing pretrained components. Models are trained on a single node with
8xH100 GPUs.

5 Experiments

We compare our model against various proprietary and open-source VLM baselines
using a standardized setup in which all models receive identical object trajectories
and structured prompting templates. We evaluate open-vocabulary video scene
graph generation, assessing object, attribute, relation, and triplet prediction across
multiple academic benchmarks and our SV G2;.s;. We introduce an LLM-based
judge that enables open-vocabulary evaluation through semantic, hierarchy-aware
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Table 2: We evaluate VLMs on four VidSGG benchmarks using panoptic object
trajectories. We report performance across four metrics: triplet recall, relation recall,
object accuracy, and attribute recall. The results in this table are reported under the
lenient semantic criterion, with a temporal IoU threshold of 0.5 for relations and
triplets. TRASER outperforms all open-source baselines and surpasses GPT-5 in object
and attribute prediction.

Triplet Relation Object Attribute
Model PVSG VidOR SVG2test PVSG VidOR SVG2iesy VIPSeg PVSG VidOR SVG2test SVG2test AvgRank
API call only
GPT-4.1 [1] 6.0 10.8 6.4 7.3 11.9 7.5 59.9 51.4 86.6 58.5 15.8 3
Gemini-2.5-PRO [11] 7.4 9.8 8.7 8.8 11.0 9.9 56.7 31.7 82.9 49.8 13.6 4
GPT-5 [43] 16.6 19.7 17.9 18.3 21.7 19.4 68.1 54.2 88.5 65.5 24.1 2
Open weights only
Qwen2.5-VL-3B [4] 0.1 0.2 0.2 0.1 0.4 0.3 22.1 10.4 45.0 24.2 1.4 12
MiniCPM-V 4.5 [62] 0.1 3.0 1.1 0.2 4.0 2.4 40.0 14.3 59.1 38.5 8.4 8
InternVL3.5-4B [57] 0.2 0.4 0.1 0.3 0.5 0.2 33.7 20.4 66.4 35.0 7.4 11
GLM-4.1-9B-Thinking [17] 0.3 3.9 1.8 0.5 5.0 2.9 46.5 17.8 61.1 28.5 9.1 6
Qwen3-VL-4B [58 0.1 0.7 14 0.1 0.8 1.6 34.1 21.8 65.8 35.6 8.3 10
Qwen3-VL-4B-Thinking [58] 0.1 2.3 3.3 0.4 3.4 3.6 35.8 18.3 67.6 37.1 8.8 7
Fine-tuned baselines
FT-Qwen2.5-VL-3B (First Bbox) 0.1 1.6 0.1 0.9 4.5 0.5 25.5 25.9 51.7 36.7 10.4 9
FT-Qwen2.5-VL-3B (Bbox Traj.) 0.5 1.8 1.4 1.6 4.2 3.0 35.1 33.6 56.9 46.1 13.4 5
TRASER 16.1 22.9 16.7 16.9 25.0 18.7 86 72.7 91.4 79.0 27.1 1

matching, overcoming the closed-set constraints of traditional metrics. Finally,
we perform extensive ablations on training data composition and architectural
components to isolate their individual contributions.

Baselines. We compare TRASER with leading proprietary and open-source
VLMs, including Gemini-2.5-Pro [11], GPT-4.1 [1], GPT-5 [43], Qwen-3-VL-
4B [56], InternVL-3.5-4B [57], GLM-4.1-9B-Thinking [17], and MiniCPM-4.5 [62].
Since existing VLMs cannot effectively process panoptic mask trajectories, we
supply the baselines with dense bounding box trajectories to maximize their
supported spatial-temporal context. We construct instruction-aligned prompting
templates for baselines and require all models to output structured scene-graph
predictions following a JSON schema. To disentangle the benefits of our architec-
ture from the data effects, we fine-tune Qwen2.5-VL-3B on either first-appearance
or full bounding-box trajectories, determining whether standard fine-tuning alone
is sufficient to generate high-quality VSGs.

Evaluation Setup. We evalu-

ate video scene graph genera- Table 3: Validation of the LLM semantic aligner.
tion under the open-vocabulary We report Cohen’s & scores between GPT-40-mini,
(OV-VSGGen) setting, where Gemini 3 Flash and human annotators. The high
agreement confirms the reliability of the automated
aligner. “Id+Syn” denotes Identical or Synonym
matches; “Lenient” includes all valid semantic cate-
gories.

the model generates a com-
plete scene graph from ground-
truth object trajectories. This
entails four prediction sub-tasks:
(1) object (labeling each trajec-
tory), (2) attribute (assigning
associated characteristics to ob-
jects), (3) relation (detecting in- _ . ..o o
teractions between trajectories), GPT-4o0-mini

and (4) triplet (jointly identify-
ing subject-relation-object pairs).

Object Relation
Id+Syn Lenient Id4Syn Lenient

Human vs.

GPT-40-mini 0.901 0.877 0.842 0.791

0.846 0.724 0.750 0.765
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Table 4: Model architecture ablation study. Combining the object-trajectory and
temporal-window resamplers yields the best VSG generation performance. Segmentation-
aligned token arrangement further provides superior grounding compared to bbox-based
signal. (*)Variants without resamplers cannot support long-video inference; therefore,
PVSG results are reported on the PVSG VidOR subset only.

Variants Triplet Relation Object

Temporal-window Object-trajectory o o o PVSG* VidOR PVSG* VidOR PVSG* VidOR

resampler resampler
X X Seg. 7.03 13.56 7.15 14.58 73.34 90.79
X v Seg. 2.44 8.23 2.68 9.04 77.10 89.62
v X Seg. 8.52 15.00 8.63 16.78 77.84 89.76
v v Bbox 8.69 15.01 9.39 15.19 73.05 89.76
v v Seg. 10.14 15.02 11.38 16.30 78.21 90.15

We evaluate on PVSG [61], VidOR [51], VIPSeg [37], and our SVG2¢est. While
VIPSeg is limited to object prediction and PVSG/VidOR focus on objects and
relations, Our SVG2tes provides complete object—attribute-relation annotations,
enabling holistic VidSGG evaluation.

Since VLMs perform open-vocabulary autoregressive generation, traditional
closed-set metrics such as Recall@k become inadequate. Standard metrics may
unfairly penalize valid predictions due to lexical diversity (e.g., human vs. person).
Because curating a manual synonym dictionary is impossible for unbounded
vocabularies, we introduce a two-tiered evaluation framework. First, we compute
a rule-based strict score requiring exact string matches between ground-truth
and predicted elements. Second, to accurately reflect the model’s true semantic
understanding without unfairly penalizing language diversity, we compute a
lenient score using an LLM-assisted semantic aligner. To prevent the self-
referential bias of free-form grading, we strictly constrain GPT-4o-mini [42] to
act purely as a pairwise lexical matcher. Guided by a rigidly structured prompt,
it classifies ground-truth and predicted elements into five categories: Identical,
Synonym, Hypernym/Hyponym, Semantic Overlap, or Mismatch. Any category
other than Mismatch is considered a correct prediction in lenient settings. This
dual-metric framework applies to objects, attributes, and relations. Relations
additionally require strict temporal grounding (interval IoU > threshold). Triplets
are only considered correct if the subject, object, and relation all meet the semantic
match criteria and the temporal intersection rules. This evaluation approach
ensures a rigorous, bias-mitigated assessment of open-vocabulary scene graphs.

To validate our automated aligner (GPT-40-mini), we assess its alignment
with human evaluators and an independent model (Gemini 3 Flash). Evaluating
a stratified subset of 250 objects and 150 relations, we observe substantial
inter-annotator agreement (Cohen’s x) between the judge and humans (Tab. 3).
This confirms that our constrained matching approach effectively mitigates
hallucination, establishing the automated metric as a highly reliable proxy for
human judgment.
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Table 5: Training-data ablation study. Incorporating SVG2 improves triplet and
relation prediction, and boosts object accuracy and attribute recall over academic-only
training. Training with the full configuration achieves the best overall performance.

Training Triplet Relation Object Attr. Rank
PVSG VidOR SVG2; PVSG VidOR SVG2; VIPSeg PVSG VidOR SVG2; SVG2

Acad 1.35 13.61 2.68 12.55 28.66 18.74  32.71 21.50 61.09 25.68 -

SA-V 8.29 15.84 13.58 9.86 17.12  16.39  81.61 72.92 90.52 77.64 25.96
Acad+SA-V 10.70 19.23 13.00 11.12 21.06 14.69 83.10 73.46 90.96 78.14 22.72
Acad+SA-V+PVD 16.91 2287 16.63 16.13 25.01 18.74  86.53 72.74 91.42 79.01 27.10

=N W

5.1 Scene graph generation results.

Consistent with our evaluation framework, Table 2 reports model performance
under the lenient semantic criterion with a temporal IoU threshold of 0.5.
Results under the strict exact-match score and a relaxed IoU threshold are
detailed in Appx. ?7. Our light-weight model achieves strong improvements
across all benchmarks (Tab. 2), outperforming open-source baselines by sub-
stantial margins, approximately 415 points in triplet detection, +15 points in
relation detection, 425 points in object prediction, and +13 points in attribute
recognition. TRASER also surpasses proprietary models such as GPT-4.1 and
Gemini-2.5-Pro, and even outperforms GPT-5 on object and attribute prediction,
highlighting the effectiveness of our model design and training data. We further
observe a pronounced performance gap between open-source and proprietary
VLMs, especially on longer and more complex videos such as those in PVSG
that require precise temporal localization of dynamic relations. This underscores
the importance of our large-scale, high-quality open video scene graph dataset
(SVG2) that provides the rich temporal and dense object—attribute—relation
annotations. Both fine-tuned baselines still underperform TRASER, confirming
that our performance gains stem from our object-centric temporal design rather
than mere task-specific fine-tuning. Standard fine-tuning alone is insufficient to
capture temporal scene dynamics. As detailed in Appx. 7?7, TRASER maintains
its substantial lead over all baselines even when evaluated under the rule-based
strict score and a lower IoU threshold.

5.2 Video question answering with scene graphs.

We further assess the role of structured video scene graphs in video QA. We
sample 1K open-ended questions from the AGQA 2.0 benchmark [20] and 500
multiple-choice questions from the Perception-Test benchmark [45]. For each
associated video, we first use our pipeline (Phase 1) to generate panoptic object
trajectories, and then predict the corresponding video scene graphs using both
our trained TRASER and the baseline Qwen2.5-VL-3B model.

During testing, we sample video frames at 1 fps and feed them into GPT-4.1
under three conditions: (1) video-only input, (2) video plus scene graphs generated
by Qwen2.5-VL, and (3) video plus scene graphs generated by our TRASER. The
results, summarized in Tab. 6, show that incorporating high-quality video scene
graphs (e.g. those generated by TRASER) reliably improves VideoQA accuracy
(+0.4 on AGQA 2.0 and +4.6 on Perception Test).
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We also conduct a blind-
video evaluation on AGQA.
We instruct a blind LLM
(GPT-4.1-mini) to answer
questions using only the text-

Table 6: GPT-4.1 VQA performance on AGQA 2.0
and Perception-Test. Using TRASER’s video scene
graphs consistently improves performance over base-
lines.

based scene graph, with- Input AGQA 2.0 Perception-Test
out visual input. TRASER’S video-only 25.9 66.8
graphs achieve 13.22% accu- yjqe0 o
racy, outperforming Qwen2.5- Qwen2.5-VL-3B’s VSG 24.8 68.6
VL’s graphs by +6.5%. We at- v;

graphs by +0.5% Video + 26.3 71.4

tribute this gain to the struc- TraSER’s VSG

tured and fine-grained spa-
tiotemporal information captured by the video scene graphs, which complements
the raw visual input and allows the VLM to reason more effectively.

5.3 Ablation Study

Training-data ablations. We compare four training configurations: academic
datasets only (Acad) (Sec. 4.3), the SVG2 SA-V subset (SA-V), their combination
(Acad + SA-V), and the full setup adding the PVD subset (Acad + SA-V +
PVD). Since academic datasets lack attribute annotations, we evaluate models
trained on them only for object and relation outputs. As shown in Tab. 5, the
full configuration achieves the best overall performance. Training solely on Acad
overfits to specific benchmarks like VidOR. This results in poor generalization
to PVSG and SVG2est, alongside low object accuracy. Incorporating SA-V and
PVD yields substantial gains, demonstrating that our dataset’s dense, temporally
aligned annotations, diverse categories, and visual variability are crucial for
learning structured scene graphs.

Model ablations. Table 4 reports ablations on our architectural choices, trained
for three epochs on the SVG2 SA-V subset. Using only the object-trajectory
resampler eases model training but collapses temporal grounding, while the
temporal-window resampler is essential for accurate dynamic relation localization.
Combining both yields the best balance of object-level and temporal alignment.
We also compare supervision signals for token arrangement: replacing segmen-
tation trajectories with bounding boxes significantly degrades performance on
PVSG, as longer, more dynamic videos make coarse box signals too noisy for
stable grounding.

6 Limitations and Discussion

Dual-use considerations. Large-scale spatio-temporal scene graph extraction
can benefit video retrieval, accessibility, robotics, and structured video under-
standing, but may also be repurposed for surveillance, behavioral analysis, or
monitoring interactions at scale. Such risks are especially relevant for videos
containing identifiable individuals or sensitive activities, even without explicit
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face recognition or biometric inference. The broader impact of this technology
therefore depends on the provenance of the input videos, the deployment context,
and the governance of the resulting structured representations.

Limitations and future work. While SVG2 inherits the limitations of the
automated models used in its construction, this approach unlocks a scale, density,
and consistency that is practically unattainable through manual annotation. Im-
portantly, it initiates a virtuous cycle: as foundation models continue to improve,
they can be continuously leveraged to refine and elevate future iterations of the
dataset. Architecturally, TRASER is currently designed as a trajectory-grounded
model. A compelling direction for future work is to extend this approach into a
unified, fully end-to-end framework capable of natively proposing and tracking
objects alongside VSG generation. Finally, spatio-temporal scene graphs remain a
foundational representation for complex video reasoning. With the introduction of
SVG2, we see a promising opportunity to integrate large-scale, structured VSG
data directly into the training pipelines of general VLMs, potentially unlocking
much deeper compositional and temporal understanding.

7 Conclusion

We present Synthetic Visual Genome 2 (SVG2), a large-scale synthetic
panoptic video scene graph dataset of over 636K videos with dense object, at-
tribute, and relation annotations. Built entirely through an automated pipeline,
SVG2 expands the scale of prior resources by an order of magnitude. Leverag-
ing this dataset, we introduce TRASER, which augments a VLM with object-
trajectory and temporal-window resamplers to produce complete video scene
graphs in a single forward pass.
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