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Figure 1. We propose SPOT, an open-source novel structured prompting framework leveraging vision language models for scene graph
generation. It demonstrates overall superior spatial and semantic reasoning, even outperforming powerful proprietary baselines like GPT-4o
on open-world benchmarks in some cases.

Abstract

Scene graphs provide a compact and structured represen-
tation of visual scenes by capturing objects and their rela-
tionships, making them valuable for downstream tasks in
vision-language reasoning and robotics. While early work
focused on closed-vocabulary settings, newer efforts have
shifted toward open-world scene graph generation (SGG) to
better handle diverse real-world scenarios. Recent works ex-
plore leveraging VLMs and LLMs in open-world settings for
their broad, open-vocabulary knowledge. However, existing
approaches often rely on proprietary models like GPT-4o
and are limited by the unstructured output behavior and
weak spatial and object-level reasoning capabilities of pre-
trained models. We introduce SPOT, a structured prompting
framework that augments open-source VLMs with spatial
reasoning abilities for scene graph generation with minimal
training. By combining object-centric visual features with

the model’s knowledge priors, SPOT achieves competitive or
superior relation prediction compared to large proprietary
models. Additionally, SPOT demonstrates strong cross-
domain generalization, including extension to 3D scenes.
Our approach is built upon open-source models, offering a
scalable and accessible framework for harnessing VLMs for
SGG.

1. Introduction
Understanding complex scenes has long been a core chal-
lenge in computer vision. Among various representations,
scene graphs have emerged as a powerful paradigm to cap-
ture both semantic and spatial relationships between objects
in a structured and interpretable format. By abstracting a
scene into a graph with objects as nodes and their relation-
ships as edges, scene graphs align closely with human per-
ception and reasoning, providing a symbolic abstraction use-



ful for downstream tasks [15]. In 2D settings, scene graphs
enhance general-purpose vision-language models (VLMs)
by enabling explicit relational understanding, benefiting ap-
plications such as visual question answering [13, 27, 33].
In robotics, 3D scene graphs [1] have gained prominence
as a compact and expressive modality for high-level per-
ception, planning, and interaction within physical environ-
ments [3, 44, 54]. They offer a bridge between raw sensory
data and the structured world, supporting effective decision-
making and spatial reasoning. Consequently, Scene Graph
Generation (SGG), the task of automatically constructing
such graphs from sensory inputs like images or point clouds,
has become a foundational problem with growing attention
in both vision and robotics communities.

The development of scene graph generation began with
focus on improving prediction accuracy within domain-
specific, closed-vocabulary datasets [26, 38, 47, 49]. While
these efforts also addressed key challenges like the long-tail
problem [4, 22], the fixed and predefined categories limit
real-world applicability. To address this limitation, the field
has shifted towards open-vocabulary scene graph genera-
tion [6, 10, 11, 19, 24, 55, 57] by leveraging open-vocabulary
detectors [17, 29] to incorporate broad semantic knowledge
into the pipeline. However, they are still constrained by
predefined known relations or object categories when gener-
alizing to unseen scenarios. Most recent works propose to
leverage the VLMs, to achieve a more comprehensive open-
world setting [5, 24]. Despite these advancements, these
methods often depend on closed-source proprietary models,
unconstrained prompting text, and insufficient visual reason-
ing, frequently producing vague or physically implausible
relation predictions.

In this work, we introduce Structured Prompting with
Object-centric Tokens (SPOT) for open-world scene graph
generation. SPOT is a scalable and fully open-source frame-
work that combines pretrained VLMs with new techniques to
enhance their relation reasoning capabilities. Our approach
introduces three key components to address existing chal-
lenges of using VLMs for scene graph generation. First, we
design a template-based structured prompt (in contrast to
the free-form prompts of prior works [10, 24]) that more
precisely guides the model to produce comprehensive scene
graphs both out-of-the-box and after refinement through
finetuning. Next, we encourage the model to consider the
visual scene layout through integration of an object-centric
visual feature when predicting relations. This additional
signal improves upon the VLM’s standard processing of the
image, increasing spatial alignment and relation accuracy.
Finally, to enable open-world prediction with an external
object detector and no pre-defined vocabulary, we propose
leveraging spatially aware pruning and integrating flexibil-
ity during evaluation to minimize penalties for semantically
similar predictions. This approach goes beyond the protocol

which exhaustively constructs a fully-connected graph over
all object pairs, which proves computationally expensive and
suffers from redundant and irrelevant relation predictions.

Overall, our framework achieves competitive or even
superior performance on both in-domain (e.g., Vi-
sual Genome [20]) and cross-domain (e.g., PSG [50],
3DSSG [41]) evaluations compared to preceding works. Be-
yond the strong performance on 2D benchmarks, SPOT
extends naturally to 3D scene graph generation through the
modular three-stage pipeline introduced in [10] and out-
performs recent methods and other 2D SOTA adaptations,
producing more spatially accurate and semantically coherent
graphs. The quantitative evaluation demonstrates the com-
petitiveness, versatility, and broad applicability of our model
in the physical environment.

2. Related works
Scene Graph Generation. SGG aims to represent visual
scenes as a compact graph, identifying objects as nodes
and their interrelations as edges. Prior works have tack-
led SGG by leveraging graph convolutional networks [49],
end-to-end DETR-style architectures [23], or novel strate-
gies [18, 36, 47]. Further works target mitigating the long-
tail problem through unbiased learning [4, 7, 22, 39], aggre-
gating more diverse visual concept contexts [38, 56, 58], and
reducing annotation cost by harnessing language-captions
and leveraging weak-supervised learning [25, 53, 62, 63].
However, these approaches focus on a closed-vocabulary
setting, where both object and relationship classes are lim-
ited to a predefined set from datasets. While these models
demonstrated strong performance on benchmark datasets,
their reliance on a fixed vocabulary fundamentally limits
their applicability in real-world, open-world scenarios.
Open-Vocabulary Scene Graph Generation. Recent works
have focused on extending SGG from closed-vocabulary
to broader open-vocabulary settings. Most approaches ap-
proach generalizing to open-world settings by targeting ei-
ther generalization to new object pairings [11, 19, 55, 57]
or predicting unseen predicates between seen object enti-
ties [19, 57]. However, these methods are still constrained
by either predefined known relations or object categories
when generalizing to unseen scenarios. Another line of work
jointly addresses generalization to both new objects and
predicates [6, 61], but they still train on closed-vocabulary
datasets, limiting true generalization. In contrast, the recent
progress in foundation models trained on large-scale datasets
presents a promising avenue towards truly open-world pre-
diction in scene graph generation pipelines.
LLM-based Scene Graph Generation. Leveraging LLM
and VLMs for SGG has become a popular direction due to
pretrained models’ strong zero-shot performance on scene
understanding tasks. Some works formulate SGG as a lan-
guage modeling task [5, 16], but require ground-truth image



captions without integrating visual input for VLM query.
Other works [9, 30] directly ask VLMs to specify the re-
lation between one object pair at a time as an intermediate
step for further relation extraction or selection, which is com-
putationally expensive with O(n2) query times. Another
direction of work uses VLMs as a direct relation prediction
module [24, 34]; however, they use either a simple prompt
or rather free-form relation querying, leading to redundant
or implausible output. In contrast to these, our model adapts
the VLM by leveraging the structured prompt and object-
centric visual features to constrain the output space with an
additional relation pruning module for efficient query.

3. Method
We introduce SPOT, a structured prompting framework that
augments open-source VLMs with spatial reasoning abilities
for open-world scene graph generation with minimal training.
Our method, illustrated in Fig. 2, addresses key limitations
that arise while leveraging VLMs for this task and builds
robust open-world relation prediction through three key com-
ponents. First, to mitigate hallucinations and low coverage
issues common in free-form generation [10], we introduce
a structured, fill-in-the-blank prompt (Sec. 3.1). This
focuses the VLM on predicting relations only for filtered,
highly plausible object pairs. Second, to address the model’s
lack of spatial awareness [40, 48, 51, 60], we explicitly inject
object-centric visual features (Sec. 3.2) to guide the model
to harness both visual evidence and textual world knowledge
priors jointly to predict object relationships. Finally, we
integrate these components into an open-world detection
and pruning pipeline (Sec. 3.3) which efficiently proposes
and filters object pairs before the final relation prediction
step, enabling open-world scene graph generation.

3.1. Structured Prompt over Selected Relations
Our first contribution is the design of a structured prompt
to query the VLM to produce output relations over only
the most likely relevant object-relation-object triplets. In
our focus on open-world scene graph generation, one of the
challenges that emerges is the proper use of an open-world
object detector which may detect many objects within even
a simple scene. Often many of these objects themselves may
be of little relevance for understanding a scene and moreover
the relationships between unrelated and spatially disjoint
objects may be irrelevant for solving a downstream task.

Relation Proposal. To mitigate these issues, we decouple
the process of relation selection from relation prediction.
Specifically, we apply a rule-based filtering mechanism to
identify object pairs that are likely to interact in a meaningful
way based on spatial proximity and visibility.

To construct a comprehensive scene graph, one could
consider all pairwise combinations of detected objects as
candidate relation triplets. However, this leads to quadratic

growth in the number of pairs, introducing excessive com-
putation and numerous semantically irrelevant or noisy rela-
tions. In particular, object pairs that are spatially distant are
unlikely to share meaningful interactions and often degrade
the quality of the generated scene graph.

To address this, we apply a spatial filtering strategy based
on object distance, scaled by object sizes. Given the bound-
ing boxes of two objects, which have 2D center locations,
ci and cj , and diagonal bounding box size, di and dj , we
compute the normalized size-aware distance as:

dij =
√

dgeodsize , (1)

dgeo =
||ci − cj ||2√
H2 +W 2

, (2)

dsize =
||ci − cj ||2

||ci − cj ||2 + (di + dj)/2
, (3)

for an image of size H ×W . Once computed, we then
filter pairs for which dij > τ for a fixed threshold (we use
τ = 0.8 in our experiments). This filtering step discards
pairs of objects which are less likely to have meaningful
relations while effectively reducing the number of relation
queries and improves the efficiency and quality of scene
graph generation.

Structured Prompt. Prior methods for scene graph gen-
eration with VLMs [10, 24, 34] prompt the VLMs in a free-
form manner; i.e., lists a set of objects and asks for the model
to directly generate a list of relation triplets (oi, rij , oj) be-
tween all objects from an input image. Although straightfor-
ward, this free-form prompting often results in low coverage
of relation pairs in the output scene graph, with the model
omitting important relation pairs while including spatially
irrelevant ones.

We instead propose to prompt the VLM with a fill-
in-the-blank format to predict the relation predicates
for only the pairs filtered above. Our prompt follows
the structure: Please fill in the <PRED> space

in the following triplets:[(obj1, <PRED>,

obj2),(obj2, <PRED>, obj3),...], where the
<PRED> is the placeholder for prediction in the VLM.
Using this structured prompt template effectively constrains
the model’s output space, resolving the issues of incomplete
relation pairs and degenerate scene graphs, and achieving a
higher recall score with more complete graphs.

In addition to simplifying the task by constraining the out-
put space, our structured fill-in-the-blank prompt provides
the model with a structured process for reasoning about indi-
vidual relation pairs rather than memorizing outputs during
finetuning. This effectively suppresses hallucinations and im-
proves overall accuracy in both in-domain and cross-domain
evaluation.
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Figure 2. SPOT framework. Given an RGB image and object detections, our framework prunes spatially implausible relation pairs and
constructs a structured prompt for scene graph generation. Our model further extracts object-centric visual feature embeddings by averaging
over the corresponding image feature patches inside the bounding box areas, and injecting these into the prompt.

To demonstrate the effectiveness of the proposed tem-
plate, we evaluate four different pretrained VLMs (LLaVA-
OV, Qwen2.5-VL-7B-Instruct, InternVL3-8B, and GPT-4o)
without finetuning on the VG [20] and PSG dataset [50] with
free-form [10] vs. our proposed prompt template in Tab. 1.
We evaluate recall at top k (R@k) predictions, and another
"recall w/ sim" score is used to eliminate the vocabulary gap,
which is further detailed in Sec 4.2. Our structured prompt
uniformly brings significant boosts to the base models, even
without any finetuning. This highlights the importance of
carefully curating both the set of object-object relations re-
quested as well as the specific format of the request.

3.2. Object-centric Visual Feature Embedding.
Language models (and VLMs by extension) are known to
possess powerful priors about common world knowledge.
So, it naturally follows that when asking a VLM to predict
an object-object relationship, the output prediction will be
heavily biased by the prior relations observed between those
objects. For example, even without seeing a visual input,
a VLM is biased to predict that the relationship between
“cup” and “table” is “on” to indicate that the cup rests on the
table. While this textual bias contributes positively to overall
relation prediction performance, it diminishes visual ground-
ing. This limitation becomes critical in scenarios where
spatial ground truths deviate from common expectations, for
example, a cup actually being “under” a table.

To address this issue, we improve spatial grounding by
embedding implicit coordinate-aware visual features into
the prompt. While the standard VLM input may be a set of
encoded image tokens together with text tokens from the en-
coded prompt, we additionally add an object specific visual
token after each text object reference. Rather than relying

solely on object names, we extract local visual features for
each object by mapping its 2D bounding box locations back
onto the spatial feature map of the pretrained vision encoder
SigLIP [59], as illustrated in Fig. 2.

Specifically, given visual encoder features F ∈
RH×W×D containing positional information, we identify
the set of patches Po ⊂ F that fall within the object’s
bounding box, and compute the object embedding as fo =
1

|Po|
∑

p∈Po
p. This average-pooled patch feature fo captures

both localized visual appearance and spatial positioning. We
then concatenate fo with the object’s text label within the
input prompt, thereby encouraging the model to attend to
both semantic and spatial positioning cues. In contrast with
the VLM’s native global processing of the image, this di-
rect concatenation injects the object’s visual features directly
alongside its textual reference in the prompt. By provid-
ing a more direct binding between vision and language for
each object, we steer the model away from relying on tex-
ture priors alone and toward leveraging the visual evidence.
As demonstrated in Tab. 7, this coordinate-aware visual en-
hancement leads to an improvement in relation prediction
accuracy.

3.3. Frame-wise Scene Graph Generation at Infer-
ence Time

During training, we assume access to ground-truth relation
triplets and corresponding 2D object coordinates, which
enables direct supervision of the relation prediction module.
However, at inference time, ground-truth annotations are
unavailable, and the model must generate both object and
relation proposals directly from raw images.

We adopt GroundingDINO [29] as our open-vocabulary
object detector. The detector can be prompted with either



Table 1. Quantitative comparison of free-form prompting vs. our structured prompt template. We compare the effect of using
Free-form versus Structured prompts across four VLMs: LLaVA-OV-7B, Qwen2.5-VL-7B-Instruct, InternVL3-8B, and GPT-4o. Results are
reported on the VG and PSG datasets, using Recall@50/100 and Recall with Similarity@50/100 as evaluation metrics.

Model Backbone
Prompt Type VG (1K) PSG (1K)

Structured
Prompt R@50/100↑ R w/ Sim@50/100↑ R@50/100↑ R w/ Sim@50/100↑

– 0.145 / 0.145 2.73 / 2.73 1.72 / 1.72 8.56 / 8.56LLaVA-OV-7B [21]
✓ 3.17 / 3.44 17.2 / 19.13 2.47 / 2.75 23.4 / 25.6
– 1.40 / 1.40 7.88 / 7.88 1.17 / 1.17 6.97 / 6.97Qwen2.5-VL-7B [2]
✓ 3.71 / 4.23 18.6 / 21.1 3.37 / 3.71 21.6 / 24.0
– 6.01 / 6.01 13.0 / 13.0 5.56 / 5.56 12.3 / 12.3InternVL3-8B [43]
✓ 8.65 / 9.45 23.6 / 26.4 11.6 / 12.8 27.8 / 30.8
– 4.55 / 4.55 12.1 / 12.1 4.70 / 4.70 17.7 / 17.7GPT-4o [31]
✓ 13.5 / 15.2 34.8 / 39.4 7.74 / 8.52 29.7 / 34.2

Table 2. In-domain SGG (PredCLS) results on VG150.

Type SGG model PredCLS

R@50 R@100 Acc.

VCtree [37] 50.1 52.5 -
GCA [18] 51.2 53.4 -
EBM [36] 52.8 54.9 -
SVRP [12] 54.4 56.4 -

No-VLM

OvSGTR [6] 60.5 61.9 60.8

PGSG [24] 33.8 40.2 49.2VLM SPOT 58.2 63.4 70.3

a predefined list of object categories or a generic prompt
such as “detect everything in the image,” depending on the
dataset or application needs. The detector outputs 2D object
bounding boxes and corresponding category labels for each
detected object. To suppress detection noise from repeated
detections with similar object names, we apply standard and
cross-category NMS on the results.

Due to the open-vocabulary nature of the task, it is neces-
sary to detect all entities in the scene and consider potential
relations between them. However, prompting a VLM with
all possible object pairs is computationally demanding, so
we first leverage our filtering step to reduce the set of all
possible object pairings into a smaller set of plausible object
pairings for which the VLM will predict relations. This filter-
ing step is essential for reducing computation overhead for
VLMs and improving the relevance of predicted relations.

4. Experiments

4.1. Implementation
To ensure accessibility and reproducibility, we adopt LLaVA-
OV-7B [21] as our baseline model and backbone for our
approach. We finetune the model using a curated set of
general 2D scene graph data. During training, all compo-
nents except the visual encoder are unfrozen for tuning. We
train the model using the Adam optimizer with a learning
rate set to 1e−5 and a batch size of 16 for 1 epoch. To
support multimodal reasoning, we introduce special tokens

Table 3. In-domain SGG (SGDet) results on VG150.

Type SGG model SGDet

R@50/100 mR@50/100

VCTree [37] 27.9 / 31.3 7.16 / 8.35
FCSGG [28] 18.6 / 22.5 3.20 / 3.90
SVRP [12] 31.8 / 35.8 10.5 / 12.8
VS3 [61] 34.5 / 39.2 –

No-VLM

OvSGTR [6] 36.4 / 42.4 7.20 / 8.80

PGSG [24] 20.3 / 23.6 10.5 / 12.7VLM SPOT 38.1 / 44.8 10.3 / 12.7

<IMAGE> as placeholders for the averaged object-centric
image visual embedding, within our structured prompts. The
training objectives follow VLM next-token prediction with
standard cross-entropy loss. The prompt template variants
we provided in the input are detailed in Appendix B.2. All
experiments are conducted on 8 NVIDIA A40 GPUs.

4.2. Datasets and Evaluation Metrics
Datasets We train on the Visual Genome 150 [20] (VG150)
dataset, which contains 150 object categories and 50 relation
types. This dataset offers a broad range of both semantic and
spatial relationships. For noisy relation types, we substitute
with the closest relation in the 150 preset vocabulary. We
follow the standard dataset split, using 70k images for train-
ing and 30k images for validation and testing. To evaluate
the cross-domain generalization ability and application of
SPOT for open-vocabulary 3D scene graph generation, we
further test on the Panoptic Scene Graph (PSG) [50] and
3DSSG [41] datasets using their test subsets.

Evaluation Setting We evaluate relation prediction per-
formance on both in-domain and cross-domain settings.
For the VG150 benchmark, we adopt the standard closed-
vocabulary evaluation protocol and compare with existing
2D scene graph generation methods. Since the ground-truth
relations in VG150 are known to be incomplete, direct ac-
curacy metrics may unfairly penalize semantically plausible
predictions. Therefore, we follow the evaluation setup in
[47] and use Recall@50/100, which measures the fraction of
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Figure 3. Qualitative comparisons of scene graph generation. We show the input image with detected objects and the predicted scene
graphs from different methods: GPT-4o, OvSGTR, Ours, and the ground truth (GT). Our method produces more semantically accurate and
spatially grounded relations, aligning closely with GT across both Visual Genome and Panoptic Scene Graph datasets.

ground-truth relations being recalled among the top 50/100
model predictions. To evaluate the performance of SPOT
both as an independent relation prediction module and within
an end-to-end scene graph generation pipeline, we use 2
settings: PredCLS and SGDet. In PredCLS, ground-truth
object boxes and labels are provided, allowing isolated eval-
uation of relation prediction. In SGDet, the full pipeline is
evaluated end-to-end using detected objects from Ground-
ingDINO with our relation proposal step as input to the
model. For the comparisons in the ablation study section,
we report standard accuracy for the PredCLS setting on both
the VG150 (in-domain) and PSG (cross-domain) test sets
to explore the design space of SPOT. However, in a cross-
domain setting, direct accuracy can be misleading due to
vocabulary mismatch. For example, predicted label "near"
will be penalized if the ground-truth is "beside", despite both
being semantically correct. To mitigate the problem, we
incorporate LLM-based semantic evaluation using Qwen-
7B [2] as a similarity judge. Specifically, we query the model
with prompts of the form: "[system prompt], whether ’[obj1]
[rel1] [obj2]’ and ’[obj1] [rel2] [obj2]’, these two phrases re-
fer to the same spatial/semantic relationship". We report this
LLM-augmented accuracy as Acc w/ sim in our result tables
to reflect a more robust and semantically-aware evaluation.

4.3. 2D Scene Graph Generation and Comparison

In-Domain Evaluation Since SPOT is trained on a 2D im-
age dataset, it can be directly applied to standard 2D scene
graph generation tasks. We evaluate its performance on the
Visual Genome benchmark using both PredCLS and SGDet
settings with prior methods in Tab. 2 and Tab. 3, and com-
pare it qualitatively in Fig. 3. To ensure a fair comparison,
we adopt the object detector [29] that has been trained on
Visual Genome, eliminating the potential distribution gap.
In the PredCLS setting, ground-truth object boxes and class
labels are used to isolate relation prediction performance.
In the SGDet setting, the model operates end-to-end with
detected objects. To reduce duplicate detections, we apply
cross-category NMS with a threshold of 0.7, which removes
overlapping boxes and labels referring to the same entity.
To address label ambiguity between the closed-vocabulary
ground truth and open vocabulary detections (e.g., a “per-
son” may be annotated as “man”, “boy”, or “person”), we
store all candidate labels after NMS and consider a predic-
tion correct if any of the assigned labels match the ground
truth. For relation ranking to compute the recall metrics,
we compute a confidence score by combining the object
detection probability and the distance between the centers
of the subject and object (as Eq. 1). Since for a pair of sub-
ject and object, they appear with the same score, to adapt
our setting for evaluation, for one subject-object pair, it is



marked correct if it matches any ground-truth triplet involv-
ing that pair. As shown in Tab. 3, SPOT demonstrates strong
in-domain performance. It outperforms prior models, partic-
ularly other VLM-based approaches like PGSG, indicating
superior relation prediction capabilities, as evidenced by
PredCLS R@100 and accuracy. Overall, SPOT achieves
robust relation prediction accuracy highlighting the effec-
tiveness of our object-centric structured prompting design.
Cross-Domain Evaluation We further evaluate the gener-
alization ability of SPOT across datasets in Tab. 4 com-
pared with previous methods and GPT-4o. We consider two
benchmarks: PSG [50] and the single-frame (2D) version
of 3DSSG [41]. Importantly, no data from these datasets
is seen during our model’s training. PSG shares visual and
categorical similarity with VG150, while 3DSSG poses a
more significant domain gap, targeting indoor scenes and
including unseen relations such as "bigger than." In order to
handle vocabulary mismatches in cross-domain evaluation,
we adopt 2 rules for determining if relations are equivalent:
we consider predicted spatial relations correct if they con-
tain the same spatial words as the ground truth (for instance,
"standing on" and "on" would refer to the same spatial re-
lation), and we use an LLM as a judge to calculate Acc.
w/ sim as described in Sec. 4.2 to credit relations that are
semantically equivalent to the ground truth. Results show
that SPOT maintains strong generalization and outperforms
prior models, including GPT-4o with/without our proposed
structured (with qualitative results shown in Fig. 1). This
result validates that our framework effectively adapts the
VLM for improved scene graph relation reasoning, while
leveraging the VLM’s general knowledge from large-scale
pretraining for generalization.

4.4. 3D Scene Graph Generation and Comparison

While our model is trained on 2D scene graph generation, we
also demonstrate that SPOT can be readily integrated into
existing open-world 3D scene graph generation pipelines.
Specifically, we adopt the modular framework introduced in
ConceptGraphs [10], which leverages large-scale 2D foun-
dation models for object discovery and relation reasoning in
3D scenes (illustrated as in Fig. 9). Our goal is to show that
SPOT can serve as a drop-in replacement for the relation
prediction component in this pipeline, offering improved
flexibility and accuracy with a non-proprietary model, which
further demonstrates the effectiveness of our proposed frame-
work.

We use the pipeline defined in ConceptGraphs [10] to
detect the set of objects {o1, o2, ..., on} along with their 3D
locations from multi-view images. The pipeline uses 2D
segmentation [17] and detection models to extract object
masks and labels. RGB-D frames, along with camera intrin-
sics and poses, are used to lift 2D masks into 3D via depth
projection, and detections are fused across multiple views.

We then apply SPOT to propose object pairings and predict
their relations. We then follow the same post-processing as
ConceptGraphs to aggregate predictions across frames and
eliminate redundant edges. Further details are provided in
Supplementary Sec. E.

We evaluate on 3DSSG in Tab. 5. While SPOT is not
specifically optimized for 3D inputs, it outperforms both
ConceptGraphs and OvSGTR adapted to the 3D setting in
most cases. These results highlight the modularity and effec-
tiveness of our approach when applied to 3D scene under-
standing tasks, even without explicit 3D-specific training.

5. Ablation
In this section, we perform further experiments to give fur-
ther insight into the design of SPOT. In Tab. 1, we demon-
strated that our proposed structured prompt generally im-
proves the performance of different VLMs compared with
the free-form prompting introduced in [10]. We now ex-
plore different design choices for: language and visual priors,
object-centric embedding, and relation pruning components
of our framework.
Language and visual priors. To explore the VLM’s uti-
lization of text prior knowledge and visual cues, we conduct
ablations of the visual and textual hints provided to the fine-
tuned VLM in Tab. 6. In the model provided with both
vision and object names (last row), the image is annotated
with object bounding boxes to indicate the objects’ locations
and categories of interest, and the prompt includes object
names in triplets. For the object-names-only setting (second
row), the model is provided with only the structured prompt
without any image input, such that the model predicts every-
thing based on text priors i.e. object names. Conversely, in
the vision-only setting (first row), object names are masked
with token <OBJ i> both on the image and in text, forcing
the model to predict the relation only based on visual clues
without object name text priors. The quantitative comparison
results are shown in Tab. 6. Without the object name in the
prompt, we see a large performance drop, indicating that
the pretrained model’s language priors are essential for our
task. However, removing the visual input results in a smaller
drop, suggesting that the model is not fully leveraging visual
and spatial cues. This result motivates our introduction of
object-centric visual features to improve visual grounding.
Object-centric Feature. As shown in Tab. 6, the model
more heavily relies on textual knowledge for predicting ob-
ject relations (for instance, the prior that a cup will often be
on a table), driving us to include object-centric visual em-
beddings to encourage the model to consider relevant visual
cues. In Tab. 7 we ablate our object-centric visual embed-
dings, and also consider the alternative design of providing
the objects’ bounding box coordinates directly as text into
the prompt. We observe that our object-centric feature em-
beddings achieve superior performance both over the VLM



Table 4. Cross-domain SGG results on PSG and 3DSSG datasets. We evaluate several SGG models under the PredCLS setting. SPOT
achieves generally better performance across both datasets, demonstrating strong generalization and relation prediction capabilities.

SGG model PSG 3DSSG Per Frame

Acc. Acc w/ sim PredCLS R@50/100 Acc. Acc w/ sim PredCLS R@50/100

Llava-OV-7B (Free-form) [21] - - 1.7 / 1.7 - - 5.4 / 5.4
GPT-4o (Free-form) [31] - - 4.7 / 4.7 - - 18.5 / 18.5
GPT-4o (Our template) [31] 16.6 52.5 15.8 / 17.3 47.8 75.1 35.2 / 36.1
OvSGTR [6] 6.1 39.6 5.3 / 5.8 2.91 49.7 1.23 / 1.67
SPOT 23.6 59.5 15.9 / 18.0 39.1 71.2 26.9 / 29.0

Table 5. Comparison of 3DSSG performance on the whole-scene
setting. In-domain methods (top) are trained and tested on the same
domain, while cross-domain methods (bottom) are not exposed to
3DSSG data during training. For cross-domain methods, we only
consider spatial alignment. † indicates methods we adapted for
evaluation.

Type SGG model 3DSSG Whole Scene

Acc. Acc w/ sim PredCLS R@50/100

SGPN [42] 71.0 - 58.0 / 58.5
SGFN [46] 69.0 - 58.9 / 59.4In-domain
USG-Par [45] - - 81.7 / 84.1

OvSGTR† [6] 2.67 71.3 0.45 / 1.03
ConceptGraphs [10] - - 24.2 / 31.4Cross-domain
SPOT (Full) 47.6 86.1 29.2 / 43.8

Table 6. Exploring the value of language and visual priors.
When finetuning using our structured prompt, we evaluate the
model’s reliance on language (object names) and visual priors.

Input to VLM VG PSG

vision object names Acc.↑ Acc.↑ Acc. w/ Sim↑

✓ - 40.5 20.4 39.4
- ✓ 44.5 19.2 54.5
✓ ✓ 45.7 22.3 57.9

without spatial object inputs (Base) and representing the
objects as coordinate text.

Relation Pruning. An alternative to our relation proposal
pruning approach (Sec. 3.3) is to train the VLM to learn to
prune irrelevant object pairings. We consider 2 approaches:
(1) Learn to classify during training: use an additional special
token <UNKNOWN> to indicate that there should not exist
a relation inside this object pair (first row). (2) Leverage the
normalized logits as relation probability scores: select the
final output logits of the chosen relation words, normalize
them along the batch dimension, and rank by score (second
row). We compare the performance on both the VG and
PSG datasets under the PredCLS setting in Tab. 8. The
significant failure mode of method (1) is the over-prediction
of <UNKNOWN> class, which suppresses the true object
relationships. While most normalized probability in method
(2) is rather high, making it hard to distinguish efficiently. In
contrast, our design choice to prune relation pairings prior
to VLM inference is effective, achieving higher Recall, and

Table 7. Spatial Information Ablation. Including spatial infor-
mation in the text prompt improves performance with our object-
centric feature, slightly outperforming text coordinates.

Spatial Information in VLM
Prompt

VG PSG

Acc.↑ Acc.↑ Acc. w/ Sim↑

Base (No spatial info) 45.7 22.3 57.9
+ Coordinate as Text 46.2 23.5 58.9
+ Object-centric Feature 46.3 23.6 59.2

practical, requiring less compute.

Table 8. Ablation study of relation pruning strategies. Our
distance-aware filter is compared against two straightforward al-
ternatives: training the model to classify an <UNKNOWN> token
and ranking pairs by normalized logit scores. Ours outperforms
others on Recall@k, demonstrating the effectiveness of our relation
pruning.

Model Variant VG (In-domain 1K) PSG (Cross-domain 1K)

R@50/100 ↑ R@50/100 ↑ R w/ Sim @50/100↑

<UNKNOWN> Prediction 33.0 / 42.7 13.2 / 15.8 32.1 / 38.3
Logit Score Rank 31.8 / 43.2 8.81 / 12.1 28.2 / 37.0
Ours (Distance-aware filter) 58.2 / 63.4 15.9 / 18.0 38.7 / 44.2

6. Conclusion
In this work, we presented SPOT, a structured prompting
framework designed to enhance open-world scene graph
generation with vision-language models. By combining
template-based prompts, object-centric visual embeddings,
and relation pruning, our approach addresses the limitations
of free-form prompting and improves both spatial grounding
and semantic coherence. Extensive experiments demon-
strate that SPOT outperforms most prior methods across
in-domain and cross-domain benchmarks, achieving com-
petitive or superior results compared to large proprietary
systems such as GPT-4o. Moreover, SPOT generalizes ef-
fectively to 3D scene graph generation, underscoring its
scalability and modularity. Beyond empirical gains, our
framework contributes a fully open-source, efficient, and
interpretable solution for scene understanding. We believe
that SPOT offers a step forward toward more accessible,
reliable, and generalizable scene graph reasoning, paving the
way for broader applications in vision-language reasoning,
robotics, and embodied AI.
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Appendix

A. Implementation Details for Architecture

A.1. Object-level Feature Extraction
An essential aspect of our feature extraction pipeline is
object-level patch feature integration, which enriches re-
lationship queries with fine-grained visual information. We
explore three types of visual encoders: the CLIP image en-
coder, DINOv2-pretrained features, and the original SigLIP
encoder used in LLaVA-OV. As shown in Table 9, the SigLIP
features yield the most significant performance improvement,
likely due to their stronger image-text alignment learned dur-
ing pretraining. The benefit of using SigLIP is that it serves
as the original vision encoder for LLaVA-OV, which not only
ensures better feature alignment but also avoids introducing
an additional vision encoder. For each object in a triplet, we
use its downscaled (384 × 384 → 27 × 27) 2D bounding
box to query the corresponding image patch features. If
a feature patch overlaps with the object’s 2D region, it is
included in the computation. We then average the selected
patch embeddings to form the object-level feature, which is
concatenated with the corresponding text embedding.

Table 9. Ablation study of patch visual model variants. We
evaluate the impact of different visual models on the object patch
features on relation prediction accuracy.

Vision Encoder VG (In-domain 5K) PSG (Cross-domain 1K)

Acc↑ Acc↑ Acc w/ Similarity↑

CLIP [35] 46.2 22.8 57.3
DINOv2 [32] 46.2 22.5 57.7
SigLIP [59] 46.3 23.6 59.2

A.2. Depth Exploration
While our method primarily relies on 2D visual and semantic
cues, we explore the possibility of incorporating depth in-
formation into the relation prompting process, motivated by
recent works such as VCoder [14]. Unlike approaches that
use explicit 3D positional embeddings or train a specialized
3D encoder [64], requiring large-scale supervision to align
with language space, we instead adopt an efficient strategy
that reuses the pretrained visual encoder already aligned
with the text modality for depth, as Sec. A.1. Specifically,
we estimate monocular depth maps from 2D images using
Depth Anything v2 [52], and normalize the predicted depth
values to the [0,1] range for consistency. For inference, the
model can be seamlessly used with ground-truth depth or
estimated depth. After obtaining the depth map, we feed
it directly into the frozen image encoder. The object-level
depth features could be extracted by pooling visual encoder
patch embeddings corresponding to each object’s region in

the depth map, as the image embedding. They are concate-
nated after the <DEPTH> placeholder for each object, as
shown in Fig. 4, and then fed into the backbone.

Object Patch 
Feature Extraction

User’s Structured Prompt

Please predict all <PRED> tokens in the tuples to describe 

all the spatial/semantic relationships between objects. Here 

is a list of tuples: 

[(flower 2 <IMAGE> <DEPTH>, <PRED>, vase 3 <IMAGE> <DEPTH>) 

...]

Image Encoder

Vision Language Model

<IMAGE> <IMAGE><DEPTH> <DEPTH>

SPOT Answer

(flower 2, in, vase 3) ...

Figure 4. SPOT method with depth for input

Similarly to object-centric image embedding, we also
explore different intuitive alternatives for depth embedding
and compare quantitatively in Tab. 10. The exploration
ranges from 3D positional embedding, an additional 3D
encoder, and the reuse of the visual encoder, as in our model.
For the 3D positional embedding, the depth is lifted into
the point cloud to extract the bounding box minimum and
maximum coordinates along the z-axis, and we use a fixed
sinusoidal positional encoding to embed these 3D locations.
For the additional 3D encoder, we use the same method to
lift the point from 2D to 3D for the whole object point cloud,
and use the pretrained Uni3D [64] encoder for embedding.
An additional projection layer is trained to align the input
space. As observed in Tab. 10, encoding the depth map with
the VLM image encoder performs better. We hypothesize
this is because the image encoder is already aligned with
the LLM input space, and the depth patches are naturally
aligned with the image patches since they are encoded by
the same model.

Table 10. Ablation study of different depth integration variants.

Depth Info Variant VG (In-domain 5K) PSG (Cross-domain 1K)

Acc↑ Acc↑ Acc w/ Similarity↑

3D Positional Embedding 46.3 23.2 58.4
3D Encoder [64] 46.3 22.6 59.1
SigLIP Depth [59] 46.4 23.6 59.5

Empirically, given the above analysis, we observe that
the inclusion of depth features yields marginal improvement
in quantitative metrics. However, from a qualitative perspec-
tive, the model produces better spatial relations as shown
in Fig. 13. While the improvements brought by depth are
not quantitatively reflected in our current evaluation settings,
we believe it presents a promising direction for future work
on explicit spatial reasoning. Hence, we provide the depth
integration option here for further development and investi-
gation.



B. Implementation Details for Training
B.1. Data Preprocessing
In our experiments, we finetune the model on Visual Genome
150 [20], which serves as the primary dataset to ensure fair
comparison with other baseline methods presented in the
main paper. Input images are preprocessed to match the
expectations of the SigLIP vision encoder. All images are
resized to a resolution of 384 × 384 and normalized using
the standard mean and standard deviation values from the
model’s pretraining configuration. We do not apply any data
augmentation techniques such as random flipping during the
fine-tuning stage in order to maintain a consistent mapping
between visual cues and relational language. Bounding box
coordinates are extracted inside every object pair and nor-
malized to a range of [0, 1] relative to the image dimensions
before being used for object-centric feature extraction.

B.2. Structured Prompt Details
Fig. 5 illustrates our structured prompt template with exam-
ple input. Instead of sequentially querying each object pair
for their relationship, we adopt a more efficient approach
by constructing a structured prompt template, illustrated in
Figure 5. Within this template, <IMAGE> (and <DEPTH>
added alternatively) are fixed special tokens that serve as
anchors for inserting object-level visual (and depth) fea-
tures, as described in Section A.1. These tokens are not
updated during training but are used to locate where the
visual embeddings should be injected. We also introduce
a special <PRED> token to indicate the position where the
model should predict the relationship between the object
pair. This design allows for explicit supervision and reduces
redundancy in the prediction process. Additionally, each ob-
ject name is followed by a numeric identifier to distinguish
between different instances of the same class.

{
"from": "human",
"value": "<image>\nYou are an agent specializing in identifying the physical and
spatial relationships in images for 3D mapping.\nYour task is to analyze the
images and output a list of tuples describing the physical relationships between
objects.\nNote that you are describing the **physical relationships** between
the **objects inside** the image. \nYou will also be given a text list of
relation tuples. The list will be in the format: [("object 1", "<PRED>", "object
2"), ("object 3", "<PRED>", "object 2")].\nPlease predict all <PRED> in the
tuples.\nHere is the list of predicate tuples: [(bench 0 <IMAGE>, <PRED>, grass
6 <IMAGE>), (sky 4 <IMAGE>, <PRED>, grass 6 <IMAGE>),..., (wall 8 <IMAGE>,
<PRED>, building 7 <IMAGE>)]. Please describe the spatial relationships between
the objects in all tuples."
}
{
"from": "gpt",
"value": "[(bench 0, on, grass 6), (sky 4, over, grass 6), (sky 4, over,
building 7),...,(wall 8, enclosing, building 7)]"
}

Figure 5. SPOT structured prompt template.

B.3. Hyperparameter Tuning
During training, the vision encoder is kept frozen, while the
language model and adapter layers are trainable. We do not
apply AnyRes during either training or inference. The model
is optimized using Adam with a learning rate of 1× 10−5,

a cosine learning rate scheduler, and a warm-up ratio of
0.03. Training is conducted on 8 NVIDIA A40 GPUs with a
batch size of 16 for 1 epoch. Due to out-of-memory issues
commonly encountered with long prompt sequences, we
limit the model’s maximum token length to 5000. All other
hyperparameters and training configurations follow those of
LLaVA-OV-7B.

C. Implementation Details for Inference
In this section, we specifically introduce how our model
works during inference to supplement the outline in Sec-
tion 3.3 in the main paper. There are two key design points
to meet our expectations: (1) The pipeline should work ro-
bustly for open-world applications with broad generalization
abilities. (2) The pipeline should have the ability to filter
and rank noisy relations. To satisfy these two requirements,
SPOT disentangles relation pruning and proposal from di-
rect relation prediction, leaving the VLM module only the
task for spatial reasoning. The relation proposals are pro-
vided by out-of-the box detection models, leveraging the
most recent advancements in this area. We observed that us-
ing this simple but effective approach, our framework could
detect fine-grained relations and could be seamlessly applied
to different scenarios, providing more comprehensive graphs
compared to directly using VLMs to process everything.
However, this framework raises three challenges:
• The quantity of detected bounding boxes is generally too

large.
• The relation proposal sequences are overly long, making

it inefficient for VLM to output long texts.
• There are many spatially implausible object pairs existing.
To mitigate these problems, we apply some strategies to
improve the overall performance

Over-detection Suppression. In detection results, multi-
ple bounding boxes may correspond to the same real-world
object but have different yet reasonable category labels. For
instance, a person may be detected as both “man” and “per-
son,” and both exist in the vocabulary. To mitigate this, we
apply cross-category Non-Maximum Suppression (NMS)
apart from the standard NMS to reduce overlapping boxes
across semantically similar labels. For each remaining ob-
ject, we aggregate all plausible labels into a label group.
During evaluation, if the ground-truth label is present in this
group, the object is considered correctly classified. For the
real application, any label works for usage.

Filter and Rank Relations. To address this problem, we
incorporate the classification probabilities from the object
detector as object-level confidence scores, selecting the first
100 objects of higher probabilities. For relation-level filter-
ing, we compute the distance between the centers of two
objects. We explored three different types of distance for
reference.
1 Standard normalized geometry distance: d =

||ci−cj ||2√
H2+W 2

,



2 Standard normlizaed 3D spatial distance: d =
||c3Di −c3Dj ||2√
H2+W 2+Z2

,

3 Distance considering the object size: d =
√
dgeodsize,

where dgeo =
||ci−cj ||2√
H2+W 2

and dsize =
||ci−cj ||2

||ci−cj ||2+(di+dj)/2
,

where ci and cj are the 2D center points; c3Di and c3Dj are the
3D center points; H , W and Z denote the height, width and
depth of the image; di and dj are diagonal of object bounding
boxes. We observe that the third distance works better than
the others, and [1], [2]’s results are similar. The score for a
candidate pair (i, j) is defined as: sij = pi × dij × pj , where
pi and pj are the classification probabilities, and dij is the
normalized center distance. We discard relation pairs with
sij > 0.8, as they are likely too far apart to form meaningful
relations.

D. Implementation Details for Benchmark Eval-
uation

D.1. Overview of Evaluation Setting
We follow the evaluation protocol established in [47], adopt-
ing two commonly used settings: Predicate Classification
(PredCLS) and Scene Graph Detection (SGDet). In Pred-
CLS, both ground-truth object categories and bounding
boxes are provided. The model receives candidate object
pairs and predicts their relationships. In SGDet, the model
must operate on detected objects rather than ground-truth
annotations. This setting is more reflective of real-world
deployment, as it introduces potential detection errors that
affect downstream relation prediction. The primary distinc-
tion between PredCLS and SGDet lies in the source of object
detections—ground-truth versus predicted. A key require-
ment in these settings is the ability to rank and filter predicted
relation triplets, prioritizing the most informative and plausi-
ble ones. We evaluate this using Recall@k, where k denotes
the number of top-ranked predictions considered. Addition-
ally, to assess the overall relation prediction accuracy, we
compare the model’s full predicted scene graph against the
ground-truth graph. In our main paper, we report both Pred-
CLS and SGDet results for closed-set evaluation on VG150.
For cross-domain evaluation and 3D whole-scene evaluation,
we focus on PredCLS, where object annotations are available
to isolate relation prediction performance. The evaluation
setting remains consistent inside every table.

D.2. Baseline Selection and Adaptation
In-Domain Evaluation. We evaluate a range of baseline
models, which can be broadly categorized into VLM-based
and non-VLM-based approaches. For non-VLM-based mod-
els, we compare against methods trained on the same dataset
to ensure a fair comparison. These models typically rely on
task-specific architectures and do not incorporate large pre-
trained vision-language models. For VLM-based baselines,

we compare with another recent work PGSG [24], which re-
lies on BLIP as backbone and uses free-form prompt: "Gen-
erate the scene graph" in the paper.

Cross-Domain Evaluation. We compare SPOT with
other open-vocabulary approaches on new domain data
which has never been seen during the training to explore
and compare the open-world generalization abilities. For the
VLM baselines like LLaVA-OV-7B and GPT-4o, we use the
SPOT structured prompt with the addition of an in-context
example output (shown in Fig. 6). For ConceptGraphs, we
use their free-form prompt template (Fig. 7), with the re-
moval of the original prompt’s fixed set of relation options in
order to adapt to the wider set of relations present in 3DSSG
(see Fig. 6). The visual context is provided by overlaying
bounding boxes on the image to indicate object locations,
ensuring consistent visual grounding across models. For the
other previous approaches like OvSGTR, we directly apply
them to the new-source inputs with their built-in end-to-end
detection and ranking modules.

{
"from": "human",
"value": "<image>\nYou are an agent specializing in identifying the physical and
spatial relationships in images for 3D mapping. \nYour task is to analyze the
images and output a list of tuples describing the physical relationships between
objects.\nNote that you are describing the **physical relationships** between the
**objects inside** the image.\nYou will also be given a text list of relation
tuples. The list will be in the format: [(\"object 1\", \"object 2\"), (\"object
3\", \"object 2\")].\nPlease predict all relations in the tuples.\nHere is the list
of predicate tuples: [(bench 0, grass 6), (sky 4, grass 6),..., (wall 8, building
7)]. Please describe the spatial relationships between the objects in all tuples.
\nAn illustrative example of the expected response format might look like this:
[("object 1", "on top of", "object 2"), ("object 3", "under", "object 2")].\nOnly
output the relation triplet list without additional explanation and symbols."
}
{
"from": "gpt",
"value": ""
}

Figure 6. Prompt template similar to SPOT for baseline evaluation

{
"from": "human",
"value": "<image>\nYou are an agent specializing in identifying the physical and
spatial relationships in images for 3D mapping. \nYour task is to analyze the
images and output a list of tuples describing the physical relationships between
objects.\nNote that you are describing the **physical relationships** between the
**objects inside** the image.\nYou will also be given a text list of the numeric
ids of the objects in the image. The list will be in the format: [\"name1 1\",
\"name2 2\", ...].\nAn illustrative example of the expected response format might
look like this: [(\"object 1\", \"on top of\", \"object 2\"), (\"object 3\",
\"under\", \"object 2\")].\nHere is the list of labels for the annotations of the
objects in the image: ['bench 0', 'bench 1', 'tree 2', 'fence 3', 'sky 4',
'pavement 5', 'grass 6', 'building 7', 'wall 8']. Please describe the spatial
relationships between the objects in the image. \nOnly output the relation triplet
list without additional explanation and symbols."
}
{
"from": "gpt",
"value": ""
}

Figure 7. Prompt template in free form, similar to ConceptGraphs
for baseline evaluation

D.3. Relation Evaluation
In-Domain Evaluation. Since the model is directly trained
on the same dataset, the results can be evaluated without
any vocabulary gap as in prior works. We use recall to mea-
sure how many ground truth relations are correctly predicted,
without accounting for inverse or symmetric variants. Specif-
ically, when the ground truth includes only one directional
relation (e.g., “A under B” without the inverse “B under A”),



Prediction: [<mouse3> <next to> <keyboard 4>] 
Ground Truth: [<mouse3> <beside> <keyboard 4>]

Prompt: Given (mouse next to keyboard), (mouse beside keyboard),
whether these two phrases indicate similar spatial relations between
two objects inside the the tuple. Only return Yes or No without
further explanation.

Answer: Yes

Figure 8. LLM as a judge to evaluate the similarity between two
relation words

the results are evaluated strictly based on the directional rela-
tion that is present in the annotations. If the model predicts
the inverse (e.g., “B under A”), it is not considered correct
unless it exactly matches the ground truth. While this setting
ensures consistency with the prior work and fair comparison,
we acknowledge that extending the evaluation protocol to
account for equivalent relationships in the opposite direction
is an interesting future work to explore.

Cross-Domain Evaluation. A common limitation in
existing evaluation protocols for cross-domain datasets is
that semantically similar but lexically different relations are
treated as incorrect. For instance, synonymous expressions
like “beside” and “next to” may convey the same meaning
but only one may appear in the ground truth, leading to
unfair penalization. To address this, we introduce a more
semantically-aware evaluation method by leveraging a large
language model (Qwen-7B) as a judge. Given a relation pre-
diction and its corresponding ground-truth triplet, we prompt
the LLM with a predefined template (shown in Figure 8)
to determine whether the predicted relation is semantically
equivalent to the ground truth. If the model answers yes, the
prediction is considered correct. This enhanced evaluation
metric is reported as “Recall w/ Similarity” or "Accuracy
w/ Similarity". This evaluation protocol aims to give model
credit for correct relations expressed in an open vocabulary
that are semantically equivalent to the ground truth.

The whole cross-domain evaluation pipeline is as follows,
including some specific rules for simple cases:
• Case 1: prediction relation == ground truth relation →

correct
• Case 2: prediction contains the same spatial word as the

label but with the inclusion of "on", "in", or "from" →
correct:
– In our experiments on the 3DSSG dataset, we use "stand-

ing on/on", "built in/in", "hanging on/hanging from".
– While these rules account for common cases that are

clearly correct, it is difficult to iterate all plausible rules
comprehensively. Thus, for all other cases, we propose
to use LLM as a judge in order to assess the accuracy
of the model’s open vocabulary predictions against a
closed vocabulary label space.

• Case 3: otherwise, we use LLM (Qwen-7B) to judge. The
prompt is as Fig. 8:
– We checked the results of LLM’s judgment to verify its

ability to judge semantically equivalent spatial phrases
and found it to be accurate in practice. Given its strong
performance and flexibility, we adopt the LLM-based
judgement for all cross-domain tasks.

E. 3D Scene Graph Generation pipeline
E.1. Pipeline Overview
To enable scalable and generalizable 3D-SGG in open-world
settings, we follow the pipeline introduced in Concept-
Graphs [10], leveraging large-scale 2D foundation models
for both object discovery and relation reasoning. The over-
all process consists of two core stages: (1) 3D object con-
struction, which defines the graph nodes, and (2) relation
prediction, which defines the graph edges.

Formally, we aim to construct a 3D scene graph G =
(V,E), where V = o1, o2, ..., oN is the set of 3D objects
in the scene, and E = (oi, rij , oj) represents the directed
relations rij between object pairs. Rather than training a
dedicated open-vocabulary 3D segmentation model on point
clouds, we use 2D segmentation [17] and detection models
to extract object information from images. Specifically, a
segmentation model is used to produce instance masks, and
an open-vocabulary detector provides object labels. Given a
sequence of RGB-D frames along with camera intrinsic and
poses, we project 2D masked pixels into 3D via depth lifting.
Points from multiple views are fused into unified object-
level point clouds based on geometry similarity ϕgeo(i, j) =
nnratio(pt,i, poj ), which is the proportion of points in point
cloud pt,i of object t in frame i that have nearest neighbors
in point cloud poj ).

For relation prediction, we treat each object pair
(oi, oj) ∈ V × V as a candidate edge and use our proposed
SPOT to infer the relation. The predicted relation is then
assigned back to the corresponding 3D object pair using
object IDs and masks. After iterating through all available
frames and pruning redundant or spurious edges, we obtain
the final 3D scene graph that represents the semantic and
spatial structure of the environment.

E.2. Duplicated Nodes Removal
The pipeline is capable of combining parts of objects into
a unified representation by leveraging both spatial and se-
mantic similarity across views; however, we acknowledge
that in certain cases—particularly for large, planar structures
like floors or walls—this fusion can be imperfect due to
limitations in frame sampling or camera motion.

The framework leverages two types of similarity scores
to match newly detected objects with previously stored ones,
spatially and semantically:
• Spatial IoU: Computed based on the overlap between

lifted partial point clouds. If the IoU > 0.5, we consider
these two objects to be spatially aligned.
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Figure 9. Overview of the 2D-to-3D scene graph generation
pipeline. Given multi-view images, single-view frames are sam-
pled for object detection and depth prediction. The predicted depth
maps and object boxes are used to lift pixels into 3D entity point
clouds. Concurrently, the 2D object boxes are utilized to gener-
ate rule-based object pair proposals, which are then passed to the
SPOT to predict visual relations. Finally, the predicted 2D relations
are mapped back into 3D using the pre-computed entity correspon-
dence, resulting in a grounded 3D scene graph.

• Semantic Similarity: A contrastive score computed from
CLIP embeddings extracted from object labels, defined as:

Φsem(i, j) =
fT
i fj
2

+
1

2
,

where fi and fj are the CLIP embeddings for object i and
j. If the score > 0.5, we believe they belong to the same
object category.
These two scores are jointly used to fuse identical objects

observed from multiple views and to remove duplicates. In
our experiments, we observe that small objects’ point clouds
can typically be fused and recovered reliably from a few
frames. For large objects (e.g., floors, walls, ceilings), the
fusion is sensitive to two factors:
• Frame sampling frequency: Sparse sampling may in-

crease disparity between views, reducing overlap and sim-
ilarity.

• Camera motion: Adjacent frames may have limited field-
of-view overlap.
One feasible method to mitigate this issue is to increase

the sampling rate to increase the adjacent overlap. However,
when camera movement is too large, this problem still exists,
which is a limitation of most existing methods that follow
this frame-wise approach by lifting 2D detections to 3D.
This is an exciting direction for future exploration.

E.3. Edge Cases in 3DSG
Since the 3D scene graph is generated from images of the
scene and relies on generating 2D scene graphs as the "in-
termediate" step, there is a limited corner case when two
objects have never been co-observed in any images, but have
some semantic relation between them. This limitation is
common to many current 3D scene graph generation [10]
approaches that rely on 2D, per-frame observations. Like

prior approaches, our method assumes that meaningful ob-
ject relations emerge from co-visible object pairs within at
least one view. Handling disjoint objects from sparse views
remains an open challenge.

While our pipeline theoretically could predict relations
for such disjoint object pairs if global relation proposals
are provided, as mentioned in the question, these predic-
tions would rely more heavily on textual priors instead of
visual cues. We see this scenario as a valuable direction for
future work: developing a multi-view context model allow-
ing global relation queries across frames to support relation
inference in sparse-view settings.

F. More Qualitative Results
In this section, we provide more qualitative results on dif-
ferent datasets. In Fig. 10, Fig. 11, Fig. 12, we separately
display more visualizations on three cross-domain datasets:
PSG, 3DSSG, and ScanNet [8], showing the generalization
ability of our model. In Fig. 13, we also present results on
PSG that illustrate how SPOT predicts richer spatial rela-
tions (e.g. "behind"), even though the ground-truth answers
are different. This finding raises the need for a more robust
and comprehensive evaluation method to quantify different
perspectives of the scene graph prediction performance.
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Figure 10. Additional cross-domain qualitative results on Panoptic
Scene Graph Dataset. We visualize only the relations that exist in
the ground truth.

G. Limitations
While SPOT demonstrates strong generalization by leverag-
ing a vision-language model (VLM), it remains inherently
constrained by the prior knowledge and reasoning abilities
of the underlying language model. This reliance limits its
ability to handle relationships or concepts that fall too differ-
ent from the pretrained distribution. In terms of efficiency,
SPOT trades off throughput for generalization. Unlike tra-
ditional approaches such as OvSGTR [6], which utilize
lightweight architectures like Grounding DINO and simple
MLP classifiers, our VLM-based method incurs additional
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Figure 13. Additional cross-domain qualitative results on Panoptic
Scene Graph Dataset. We observe that SPOT predicts richer spatial
relations, which we highlight with green boxes.

computational overhead. Conventional methods can predict
thousands of relation pairs within seconds, whereas prompt-
ing a large language model for the same quantity of relations
introduces latency and resource demands. Another potential
limitation arises from the length of the prediction sequence.
As the number of predicted triplets grows, the prompt length
increases accordingly, which can lead to degraded perfor-
mance due to the model’s limited context window. Although
we attempt to mitigate this by segmenting long prompts into
smaller batches during inference, this issue of forgetting re-

mains a broader challenge in both the scene graph generation
downstream task and general language modeling.

H. Social impact & Safeguards
A key application of 3D scene graph models is their integra-
tion into embodied agent systems for planning and interac-
tion, where agents rely on spatial relation triplets and object
locations to make decisions. Prediction of scene graphs
for this purpose offers the potential for more explainable
decision-making in these critical systems. However, cur-
rent quantitative evaluation protocols for open-world 3D
scene graph generation remain limited. To explore the full
value of these systems to improve the safety of robotic ap-
plications, further quantitative vetting becomes essential to
ensure that both relationship predictions and object detec-
tions faithfully represent the physical environment. Without
such safeguards, erroneous predictions could result in agents’
interaction with objects in unsafe or unintended ways, posing
potential risks in real-world deployment.
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