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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-40
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. 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, 31].
In robotics, scene graphs [1] have gained prominence as
a compact and expressive modality for high-level percep-

tion, planning, and interaction within physical environ-
ments [3, 40, 46]. 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, 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, 36, 41, 42]. 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, 47, 49] by leveraging open-vocabulary
detectors [17, 28] 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 VLM, 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. Our approach introduces three key components
to address existing challenges of using VLMs for scene
graph generation. First, we design a template-based struc-
tured prompt (in contrast to the free-form prompts of prior
works [10, 24]) that more precisely guides the model to pro-
duce 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
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Figure 1. 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.

with an external object detector and no pre-defined vocabu-
lary, we propose leveraging spatially aware pruning and inte-
grating flexibility 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 superior performance on
both in-domain (e.g., Visual Genome [20]) and cross-domain
(e.g., PSG [43], 3DSSG [38]) evaluations compared to pre-
ceding works. The quantitative evaluation demonstrates the
superiority, 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 [42],
end-to-end DETR-style architectures [23], or novel strate-
gies [18, 34, 41]. Further works target mitigating the long-
tail problem through unbiased learning [4, 7, 22, 37], aggre-
gating more diverse visual concept contexts [36, 48, 50], and
reducing annotation cost by harnessing language-captions
and leveraging weak-supervised learning [25, 45, 53, 54].
However, these approaches focus on a closed-vocabulary set-
ting, where both object and relationship classes are limited
to a predefined set from datasets.

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, 47, 49]
or predicting unseen predicates between seen object enti-

ties [19, 49]. 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, 52], but they still train on closed-vocabulary
datasets, limiting true generalization.

3. Method

We introduce SPOT, a structured prompting framework that
augments open-source VLMs with spatial reasoning abili-
ties for open-world scene graph generation with minimal
training. Our method, illustrated in Fig. 1, addresses key
limitations that arise while leveraging VLMs for this task
and builds robust open-world relation prediction through
three key components.

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. 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 irrel-
evant for solving a downstream task.

Relation Proposal. To mitigate these issues, we decou-
ple 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 mean-
ingful 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. We then apply a spatial filtering strategy
based on object distance, scaled by object sizes. This filter-
ing step improves the efficiency and quality of scene graph
generation.

CVPR
#30

112
113
114
115
116
117

118

119
120
121
122
123
124
125

126

127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144



CVPR
#30

145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166

167

168
169
170
171
172
173
174
175

CVPR 2026 Submission #30. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

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-40. Results are
reported on the VG and PSG datasets, using Recall@50/100 and Recall with Similarity @50/100 as evaluation metrics.

Prompt Type VG (1K) PSG (1K)
Model Backbone Structured
et R@50/100f R w/Sim@50/1007 R@S0/1007 R w/ Sim@50/1001
- 0.145/0.145 2731273 172/1.72 8.56/8.56
LLaVA-OV-7B [21] v 317/3.44 17.2/19.13 2471275 23.4/25.6
- 140/ 1.40 7.88/7.88 117/1.17 6971697
GBS ()] v 371/423 18.6/21.1 3.37/371 21.6/24.0
. - 6.01/6.01 13.0/13.0 5.56/5.56 123/123
InternVL3-88 [39] v 8.65/9.45 23.6/26.4 11.6/128 27.8/308
- 455/455 12.1/12.1 470/4.70 1777177
D[22 v 13.5/152 34.8/39.4 7.7418.52 20.7/342

Table 2. 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  objectnames  Acc.T Acc.T  Acc. w/ SimT
v - 40.5 20.4 394
R v 44.5 19.2 54.5
v v 45.7 22.3 579

Structured Prompt. Prior methods for scene graph gen-
eration with VLMs [10, 24, 32] prompt the VLMs in a free-
form manner; i.e., lists a set of objects and ask for the model
to directly generate a list of relation triplets (o;, r;;, 0;) 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 predi-
cates for only the pairs filtered above. 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.

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-40)
without finetuning on the VG [20] and PSG dataset [43] with
free-form [10] vs. our proposed prompt template in Tab. 1.
Our structured prompt uniformly brings significant boosts to
the base models, even without any finetuning.

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 3. Closed-set SGG (PredCLS) results on VG150.

PredCLS
R@50 R@100 | Acc.

VCtree [35]  50.1 52.5 -
GCAT[IS] 512 534 -

Type SGG model

No-VLM  EBM [34] 52.8 54.9 -
SVRP [12] 54.4 56.4 -
OvSGTR [6]  60.5 61.9 60.8
24
VLM PGSG [24] 33.8 40.2 49.2

SPOT 582 63.4 70.3

Table 4. Closed-set SGG SGDet results on the VG150 test set.

Type | SGG model SGDet
R@50/100 mR@50/100

SGTR[23]  24.6/284 12.0/152
ISG [16] 297/321  80/88
ReITR[8]  21.2/27.5  6.8/10.8

No-VIM | yo3 150 3457392 )
SVRP[12]  31.8/358 10.5/12.8
OVSGTR [6] 364/424  72/88

vim | POSGAT 203/236  105/127
SPOT 38.1/448 103/127

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 [51], as illustrated in Fig. 1.

Specifically, given visual encoder features F' €
RHXWXD containing positional information, we identify
the set of patches P, C F' that fall within the object’s
bounding box, and compute the object embedding as f, =
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Table 5. Cross-domain SGG results on PSG and 3DSSG datasets. We evaluate several SGG models under the PredCLS setting.

PSG 3DSSG Per Frame
SGG model
Acc. Accw/sim PredCLS R@50/100 | Acc. Accw/sim PredCLS R@50/100

Llava-OV-7B (Free-form) [21] - - 1.7/1.7 - - 54/54
GPT-40 (Free-form) [29] - - 4714.7 - - 18.5/18.5
GPT-40 (Our template) [29] 16.6 52.5 15.8/17.3 47.8 75.1 35.2/36.1
OvSGTR [6] 6.1 39.6 53/5.8 291 49.7 1.23/1.67
SPOT 23.6 59.5 15.9/18.0 39.1 71.2 26.9/29.0

‘%O Zpe p, p- This average-pooled patch feature f, captures
both localized visual appearance and spatial positioning. We
then concatenate f, with the object’s text label within the in-
put prompt, thereby encouraging the model to attend to both
semantic and spatial positioning cues. By providing a more
direct binding between vision and language for each object,
we steer the model away from relying on texture priors alone
and toward leveraging the visual evidence. As demonstrated
in Tab. 2, this coordinate-aware visual enhancement 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 [28] as our open-vocabulary
object detector, and it 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. We then 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 filtering step is essential for reducing
computation overhead.

4. Experiments

4.1. In-Domain Evaluation

Since SPOT is trained on a 2D image dataset, it can be di-
rectly applied to standard 2D scene graph generation tasks.
We evaluate its performance on the Visual Genome bench-
mark using both PredCLS and SGDet settings with prior
methods in Tab. 3 and Tab. 4. To ensure a fair comparison,
we adopt the object detector [28] 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 de-
tected objects. As shown in Tab 3 & 4, SPOT demonstrates

strong in-domain performance. It outperforms prior mod-
els, particularly other VLM-based approaches like PGSG,
indicating superior relation prediction capabilities, as evi-
denced by PredCLS R@100 and accuracy. Overall, SPOT
achieves robust relation prediction accuracy, highlighting
the effectiveness of our object-centric structured prompting
design.

4.2. Cross-Domain Evaluation

We further evaluate the generalization ability of SPOT across
datasets in Tab. 5 compared with previous methods and GPT-
40. We consider two benchmarks: PSG [43] and the single-
frame (2D) version of 3DSSG [38]. 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 in-
door 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 rela-
tions are equivalent: we consider predicted spatial relations
correct if they contain the same spatial words as the ground
truth (for instance, "standing on" and "on" would refer to
the same spatial relation), and we use an LLM as a judge
to calculate Acc. w/ sim to credit relations that are semanti-
cally equivalent to the ground truth. Results show that SPOT
maintains strong generalization and outperforms prior mod-
els, including GPT-40 with/without our proposed structured.
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.

5. 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 demonstrate
that SPOT consistently outperforms prior methods across
in-domain and cross-domain benchmarks, achieving com-
petitive or superior results compared to large proprietary
systems such as GPT-4o.
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Appendix

A. Implementation Details for Architecture

A.l. 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 SigL.IP
encoder used in LLaVA-OV. As shown in Table 6, 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 x 384 — 27 x 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 6. Ablation study of patch visual model variants. We
evaluate the impact of different visual models on the object patch
features on relation prediction accuracy.

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

Vision Encoder

Acct AccT  Acc w/ Similarity T
CLIP [33] 46.2 22.8 57.3
DINOv2 [30] 46.2 22.5 57.7
SigLIP [5]] 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 [55], 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 [44], 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

Al

the depth map, as the image embedding. They are concate-
nated after the <DEPTH> placeholder for each object, as
shown in Fig. 2, and then fed into the backbone.

SPOT Answer
i« , in, vase 3) ...

1
Vision Language Model

=

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

Object Patch
Feature Extraction

User’s Structured Prompt
! Please predict all <PRED> tokens
I all the spatial/semantic relationships
i
| is a list of tuples:
LI <IMAGE> <DEPTH>, <PRED>,

i
IAGE> <DEPTH>)!
i

Figure 2. 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. 7. 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 [55] encoder for embedding. An
additional projection layer is trained to align the input space.
As observed in Tab. 7, 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 7. Ablation study of different depth integration variants.

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

Depth Info Variant

Acct AccT  Acc w/ Similarity
3D Positional Embedding 46.3 232 58.4
3D Encoder [55] 46.3 22.6 59.1
SigLIP Depth [51] 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. 10. 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.
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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 x 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. 3 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 3. 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.l. 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.

( )
{

"human",

''<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 skphysical relationships#* between
the x**objects insidexk 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")]l.\nPlease predict all <PRED> in the
tuples.\nHere is the list of predicate tuples:

. Please describe the spatial relationships between
the objects in all tuples."
¥

{
gpt™,

Figure 3. 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 x 1072,

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.

: : o g — leizgll
1 Standard normalized geometry distance: d = WJWZQ,
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2 Standard normlizaed 3D spatial distance: d =

l|e?? e3P 112
VHZAW?24722’

3 Distance considering the object size: d = \/dgeolsizes
(PR == nYeE
where ¢; and c; are the 2D center points; c;” and c;’D are the
3D center points; H, W and Z denote the height, width and
depth of the image; d; and d; 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: s;; = p; X d;; X p;, where
p; and p; are the classification probabilities, and d;; is the
normalized center distance. We discard relation pairs with
845 > 0.8, as they are likely too far apart to form meaningful
relations.

— llei—cill2 —
where dgeo = W and dsize =

D. Implementation Details for Benchmark Eval-
uation

D.1. Overview of Evaluation Setting

We follow the evaluation protocol established in [4 1], 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,

A3

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-40, we use the
SPOT structured prompt with the addition of an in-context
example output (shown in Fig. 4). For ConceptGraphs, we
use their free-form prompt template (Fig. 5), 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. 4). 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.

s N
{
"human",

"<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 xkphysical relationships*x between the
*kxobjects insidexx the image.\nYou will also be given a text list of relation
tuples. The list will be in the format: [(\"object 1I\", \"object 2\"), (\"object
3\", \"object 2\")].\nPlease predict all relations in the tuples.\nHere is the list
of predicate tuples:

. Please describe the spatial relationships between the objects in all tuples.
\nAn illustrative example of the expected response format might look 1like this:
[("object 1", "on top of", "object 2"), ("object 3", "under", "object 2")].\nOnly
output the relation triplet list without additional explanation and symbols."

k

{
"gpt,

+
- J

Figure 4. Prompt template similar to SPOT for baseline evaluation

(

~
"human",

"<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 xkphysical relationships#* between the
**objects insidesx 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: [\"namel 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\")l.\nHere is the list of labels for the annotations of the
objects in the image:

. Please describe the spatial
relationships between the objects in the image. \nOnly output the relation triplet
list without additional explanation and symbols."

{
“gpt*,

\} J

Figure 5. 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”),
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Prediction: [<mouse3>[<next to3 <keyboard 4>]
Ground Truth: [<mouse3>[<besides| <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 6. 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 6)
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. 6:
— We checked the results of LLM’s judgment to verify its
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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. More Qualitative Results

In this section, we provide more qualitative results on differ-
ent datasets. In Fig. 7, Fig. 8, Fig. 9, we separately display
more visualizations on three cross-domain datasets: PSG,
3DSSG, and ScanNet [9], showing the generalization ability
of our model. In Fig. 10, we also present results on PSG
that illustrate how SPOT predicts richer spatial relations
(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.

Figure 7. Additional cross-domain qualitative results on Panoptic
Scene Graph Dataset. We visualize only the relations that exist in
the ground truth.

Figure 8. Additional cross-domain qualitative results on 3DSSG.
We visualize only the relations that exist in the ground truth.
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Figure 9. Qualitative cross-domain results on ScanNet. In contrast
to PSG and 3DSSG, ScanNet is not a standard scene graph dataset.
We include these results to show the generalization ability of SPOT
and effectiveness in practical use with a real object detections.
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Figure 10. Additional cross-domain qualitative results on Panoptic
Scene Graph Dataset. We observe that SPOT predicts richer spatial
relations, which we highlight with green boxes.

F. 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
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.

A5

G. 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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