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Appendix839

A. Implementation Details for Architecture840

A.1. Object-level Feature Extraction841

An essential aspect of our feature extraction pipeline is842

object-level patch feature integration, which enriches re-843

lationship queries with fine-grained visual information. We844

explore three types of visual encoders: the CLIP image en-845

coder, DINOv2-pretrained features, and the original SigLIP846

encoder used in LLaVA-OV. As shown in Table 9, the SigLIP847

features yield the most significant performance improvement,848

likely due to their stronger image-text alignment learned dur-849

ing pretraining. The benefit of using SigLIP is that it serves850

as the original vision encoder for LLaVA-OV, which not only851

ensures better feature alignment but also avoids introducing852

an additional vision encoder. For each object in a triplet, we853

use its downscaled (384 → 384 ↑ 27 → 27) 2D bounding854

box to query the corresponding image patch features. If855

a feature patch overlaps with the object’s 2D region, it is856

included in the computation. We then average the selected857

patch embeddings to form the object-level feature, which is858

concatenated with the corresponding text embedding.859

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 Exploration860

While our method primarily relies on 2D visual and semantic861

cues, we explore the possibility of incorporating depth in-862

formation into the relation prompting process, motivated by863

recent works such as VCoder [14]. Unlike approaches that864

use explicit 3D positional embeddings or train a specialized865

3D encoder [64], requiring large-scale supervision to align866

with language space, we instead adopt an efficient strategy867

that reuses the pretrained visual encoder already aligned868

with the text modality for depth, as Sec. A.1. Specifically,869

we estimate monocular depth maps from 2D images using870

Depth Anything v2 [52], and normalize the predicted depth871

values to the [0,1] range for consistency. For inference, the872

model can be seamlessly used with ground-truth depth or873

estimated depth. After obtaining the depth map, we feed874

it directly into the frozen image encoder. The object-level875

depth features could be extracted by pooling visual encoder876

patch embeddings corresponding to each object’s region in877

the depth map, as the image embedding. They are concate- 878

nated after the <DEPTH> placeholder for each object, as 879

shown in Fig. 4, and then fed into the backbone. 880

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 881

explore different intuitive alternatives for depth embedding 882

and compare quantitatively in Tab. 10. The exploration 883

ranges from 3D positional embedding, an additional 3D 884

encoder, and the reuse of the visual encoder, as in our model. 885

For the 3D positional embedding, the depth is lifted into 886

the point cloud to extract the bounding box minimum and 887

maximum coordinates along the z-axis, and we use a fixed 888

sinusoidal positional encoding to embed these 3D locations. 889

For the additional 3D encoder, we use the same method to 890

lift the point from 2D to 3D for the whole object point cloud, 891

and use the pretrained Uni3D [64] encoder for embedding. 892

An additional projection layer is trained to align the input 893

space. As observed in Tab. 10, encoding the depth map with 894

the VLM image encoder performs better. We hypothesize 895

this is because the image encoder is already aligned with 896

the LLM input space, and the depth patches are naturally 897

aligned with the image patches since they are encoded by 898

the same model. 899

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 900

the inclusion of depth features yields marginal improvement 901

in quantitative metrics. However, from a qualitative perspec- 902

tive, the model produces better spatial relations as shown 903

in Fig. 13. While the improvements brought by depth are 904

not quantitatively reflected in our current evaluation settings, 905

we believe it presents a promising direction for future work 906

on explicit spatial reasoning. Hence, we provide the depth 907

integration option here for further development and investi- 908

gation. 909
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B. Implementation Details for Training910

B.1. Data Preprocessing911

In our experiments, we finetune the model on Visual Genome912

150 [20], which serves as the primary dataset to ensure fair913

comparison with other baseline methods presented in the914

main paper. Input images are preprocessed to match the915

expectations of the SigLIP vision encoder. All images are916

resized to a resolution of 384 → 384 and normalized using917

the standard mean and standard deviation values from the918

model’s pretraining configuration. We do not apply any data919

augmentation techniques such as random flipping during the920

fine-tuning stage in order to maintain a consistent mapping921

between visual cues and relational language. Bounding box922

coordinates are extracted inside every object pair and nor-923

malized to a range of [0, 1] relative to the image dimensions924

before being used for object-centric feature extraction.925

B.2. Structured Prompt Details926

Fig. 5 illustrates our structured prompt template with exam-927

ple input. Instead of sequentially querying each object pair928

for their relationship, we adopt a more efficient approach929

by constructing a structured prompt template, illustrated in930

Figure 5. Within this template, <IMAGE> (and <DEPTH>931

added alternatively) are fixed special tokens that serve as932

anchors for inserting object-level visual (and depth) fea-933

tures, as described in Section A.1. These tokens are not934

updated during training but are used to locate where the935

visual embeddings should be injected. We also introduce936

a special <PRED> token to indicate the position where the937

model should predict the relationship between the object938

pair. This design allows for explicit supervision and reduces939

redundancy in the prediction process. Additionally, each ob-940

ject name is followed by a numeric identifier to distinguish941

between different instances of the same class.942

{
"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 Tuning943

During training, the vision encoder is kept frozen, while the944

language model and adapter layers are trainable. We do not945

apply AnyRes during either training or inference. The model946

is optimized using Adam with a learning rate of 1→ 10→5,947

a cosine learning rate scheduler, and a warm-up ratio of 948

0.03. Training is conducted on 8 NVIDIA A40 GPUs with a 949

batch size of 16 for 1 epoch. Due to out-of-memory issues 950

commonly encountered with long prompt sequences, we 951

limit the model’s maximum token length to 5000. All other 952

hyperparameters and training configurations follow those of 953

LLaVA-OV-7B. 954

C. Implementation Details for Inference 955

In this section, we specifically introduce how our model 956

works during inference to supplement the outline in Sec- 957

tion 3.3 in the main paper. There are two key design points 958

to meet our expectations: (1) The pipeline should work ro- 959

bustly for open-world applications with broad generalization 960

abilities. (2) The pipeline should have the ability to filter 961

and rank noisy relations. To satisfy these two requirements, 962

SPOT disentangles relation pruning and proposal from di- 963

rect relation prediction, leaving the VLM module only the 964

task for spatial reasoning. The relation proposals are pro- 965

vided by out-of-the box detection models, leveraging the 966

most recent advancements in this area. We observed that us- 967

ing this simple but effective approach, our framework could 968

detect fine-grained relations and could be seamlessly applied 969

to different scenarios, providing more comprehensive graphs 970

compared to directly using VLMs to process everything. 971

However, this framework raises three challenges: 972

• The quantity of detected bounding boxes is generally too 973

large. 974

• The relation proposal sequences are overly long, making 975

it inefficient for VLM to output long texts. 976

• There are many spatially implausible object pairs existing. 977

To mitigate these problems, we apply some strategies to 978

improve the overall performance 979

Over-detection Suppression. In detection results, multi- 980

ple bounding boxes may correspond to the same real-world 981

object but have different yet reasonable category labels. For 982

instance, a person may be detected as both “man” and “per- 983

son,” and both exist in the vocabulary. To mitigate this, we 984

apply cross-category Non-Maximum Suppression (NMS) 985

apart from the standard NMS to reduce overlapping boxes 986

across semantically similar labels. For each remaining ob- 987

ject, we aggregate all plausible labels into a label group. 988

During evaluation, if the ground-truth label is present in this 989

group, the object is considered correctly classified. For the 990

real application, any label works for usage. 991

Filter and Rank Relations. To address this problem, we 992

incorporate the classification probabilities from the object 993

detector as object-level confidence scores, selecting the first 994

100 objects of higher probabilities. For relation-level filter- 995

ing, we compute the distance between the centers of two 996

objects. We explored three different types of distance for 997

reference. 998

1 Standard normalized geometry distance: d = ||ci→cj ||2↑
H2+W 2 , 999
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2 Standard normlizaed 3D spatial distance: d =1000

||c3Di →c
3D
j ||2↑

H2+W 2+Z2 ,1001

3 Distance considering the object size: d =
√
dgeodsize,1002

where dgeo = ||ci→cj ||2↑
H2+W 2 and dsize =

||ci→cj ||2
||ci→cj ||2+(di+dj)/2

,1003

where ci and cj are the 2D center points; c3D
i

and c3D
j

are the1004

3D center points; H , W and Z denote the height, width and1005

depth of the image; di and dj are diagonal of object bounding1006

boxes. We observe that the third distance works better than1007

the others, and [1], [2]’s results are similar. The score for a1008

candidate pair (i, j) is defined as: sij = pi → dij → pj , where1009

pi and pj are the classification probabilities, and dij is the1010

normalized center distance. We discard relation pairs with1011

sij > 0.8, as they are likely too far apart to form meaningful1012

relations.1013

D. Implementation Details for Benchmark Eval-1014

uation1015

D.1. Overview of Evaluation Setting1016

We follow the evaluation protocol established in [47], adopt-1017

ing two commonly used settings: Predicate Classification1018

(PredCLS) and Scene Graph Detection (SGDet). In Pred-1019

CLS, both ground-truth object categories and bounding1020

boxes are provided. The model receives candidate object1021

pairs and predicts their relationships. In SGDet, the model1022

must operate on detected objects rather than ground-truth1023

annotations. This setting is more reflective of real-world1024

deployment, as it introduces potential detection errors that1025

affect downstream relation prediction. The primary distinc-1026

tion between PredCLS and SGDet lies in the source of object1027

detections—ground-truth versus predicted. A key require-1028

ment in these settings is the ability to rank and filter predicted1029

relation triplets, prioritizing the most informative and plausi-1030

ble ones. We evaluate this using Recall@k, where k denotes1031

the number of top-ranked predictions considered. Addition-1032

ally, to assess the overall relation prediction accuracy, we1033

compare the model’s full predicted scene graph against the1034

ground-truth graph. In our main paper, we report both Pred-1035

CLS and SGDet results for closed-set evaluation on VG150.1036

For cross-domain evaluation and 3D whole-scene evaluation,1037

we focus on PredCLS, where object annotations are available1038

to isolate relation prediction performance. The evaluation1039

setting remains consistent inside every table.1040

D.2. Baseline Selection and Adaptation1041

In-Domain Evaluation. We evaluate a range of baseline1042

models, which can be broadly categorized into VLM-based1043

and non-VLM-based approaches. For non-VLM-based mod-1044

els, we compare against methods trained on the same dataset1045

to ensure a fair comparison. These models typically rely on1046

task-specific architectures and do not incorporate large pre-1047

trained vision-language models. For VLM-based baselines,1048

we compare with another recent work PGSG [24], which re- 1049

lies on BLIP as backbone and uses free-form prompt: "Gen- 1050

erate the scene graph" in the paper. 1051

Cross-Domain Evaluation. We compare SPOT with 1052

other open-vocabulary approaches on new domain data 1053

which has never been seen during the training to explore 1054

and compare the open-world generalization abilities. For the 1055

VLM baselines like LLaVA-OV-7B and GPT-4o, we use the 1056

SPOT structured prompt with the addition of an in-context 1057

example output (shown in Fig. 6). For ConceptGraphs, we 1058

use their free-form prompt template (Fig. 7), with the re- 1059

moval of the original prompt’s fixed set of relation options in 1060

order to adapt to the wider set of relations present in 3DSSG 1061

(see Fig. 6). The visual context is provided by overlaying 1062

bounding boxes on the image to indicate object locations, 1063

ensuring consistent visual grounding across models. For the 1064

other previous approaches like OvSGTR, we directly apply 1065

them to the new-source inputs with their built-in end-to-end 1066

detection and ranking modules. 1067

{
"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 1068

In-Domain Evaluation. Since the model is directly trained 1069

on the same dataset, the results can be evaluated without 1070

any vocabulary gap as in prior works. We use recall to mea- 1071

sure how many ground truth relations are correctly predicted, 1072

without accounting for inverse or symmetric variants. Specif- 1073

ically, when the ground truth includes only one directional 1074

relation (e.g., “A under B” without the inverse “B under A”), 1075
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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-1076

tion that is present in the annotations. If the model predicts1077

the inverse (e.g., “B under A”), it is not considered correct1078

unless it exactly matches the ground truth. While this setting1079

ensures consistency with the prior work and fair comparison,1080

we acknowledge that extending the evaluation protocol to1081

account for equivalent relationships in the opposite direction1082

is an interesting future work to explore.1083

Cross-Domain Evaluation. A common limitation in1084

existing evaluation protocols for cross-domain datasets is1085

that semantically similar but lexically different relations are1086

treated as incorrect. For instance, synonymous expressions1087

like “beside” and “next to” may convey the same meaning1088

but only one may appear in the ground truth, leading to1089

unfair penalization. To address this, we introduce a more1090

semantically-aware evaluation method by leveraging a large1091

language model (Qwen-7B) as a judge. Given a relation pre-1092

diction and its corresponding ground-truth triplet, we prompt1093

the LLM with a predefined template (shown in Figure 8)1094

to determine whether the predicted relation is semantically1095

equivalent to the ground truth. If the model answers yes, the1096

prediction is considered correct. This enhanced evaluation1097

metric is reported as “Recall w/ Similarity” or "Accuracy1098

w/ Similarity". This evaluation protocol aims to give model1099

credit for correct relations expressed in an open vocabulary1100

that are semantically equivalent to the ground truth.1101

The whole cross-domain evaluation pipeline is as follows,1102

including some specific rules for simple cases:1103

• Case 1: prediction relation == ground truth relation →1104

correct1105

• Case 2: prediction contains the same spatial word as the1106

label but with the inclusion of "on", "in", or "from" →1107

correct:1108

– In our experiments on the 3DSSG dataset, we use "stand-1109

ing on/on", "built in/in", "hanging on/hanging from".1110

– While these rules account for common cases that are1111

clearly correct, it is difficult to iterate all plausible rules1112

comprehensively. Thus, for all other cases, we propose1113

to use LLM as a judge in order to assess the accuracy1114

of the model’s open vocabulary predictions against a1115

closed vocabulary label space.1116

• Case 3: otherwise, we use LLM (Qwen-7B) to judge. The1117

prompt is as Fig. 8:1118

– We checked the results of LLM’s judgment to verify its1119

ability to judge semantically equivalent spatial phrases 1120

and found it to be accurate in practice. Given its strong 1121

performance and flexibility, we adopt the LLM-based 1122

judgement for all cross-domain tasks. 1123

E. 3D Scene Graph Generation pipeline 1124

E.1. Pipeline Overview 1125

To enable scalable and generalizable 3D-SGG in open-world 1126

settings, we follow the pipeline introduced in Concept- 1127

Graphs [10], leveraging large-scale 2D foundation models 1128

for both object discovery and relation reasoning. The over- 1129

all process consists of two core stages: (1) 3D object con- 1130

struction, which defines the graph nodes, and (2) relation 1131

prediction, which defines the graph edges. 1132

Formally, we aim to construct a 3D scene graph G = 1133

(V,E), where V = o1, o2, ..., oN is the set of 3D objects 1134

in the scene, and E = (oi, rij , oj) represents the directed 1135

relations rij between object pairs. Rather than training a 1136

dedicated open-vocabulary 3D segmentation model on point 1137

clouds, we use 2D segmentation [17] and detection models 1138

to extract object information from images. Specifically, a 1139

segmentation model is used to produce instance masks, and 1140

an open-vocabulary detector provides object labels. Given a 1141

sequence of RGB-D frames along with camera intrinsic and 1142

poses, we project 2D masked pixels into 3D via depth lifting. 1143

Points from multiple views are fused into unified object- 1144

level point clouds based on geometry similarity ωgeo(i, j) = 1145

nnratio(pt,i, poj ), which is the proportion of points in point 1146

cloud pt,i of object t in frame i that have nearest neighbors 1147

in point cloud poj ). 1148

For relation prediction, we treat each object pair 1149

(oi, oj) ↓ V → V as a candidate edge and use our proposed 1150

SPOT to infer the relation. The predicted relation is then 1151

assigned back to the corresponding 3D object pair using 1152

object IDs and masks. After iterating through all available 1153

frames and pruning redundant or spurious edges, we obtain 1154

the final 3D scene graph that represents the semantic and 1155

spatial structure of the environment. 1156

E.2. Duplicated Nodes Removal 1157

The pipeline is capable of combining parts of objects into 1158

a unified representation by leveraging both spatial and se- 1159

mantic similarity across views; however, we acknowledge 1160

that in certain cases—particularly for large, planar structures 1161

like floors or walls—this fusion can be imperfect due to 1162

limitations in frame sampling or camera motion. 1163

The framework leverages two types of similarity scores 1164

to match newly detected objects with previously stored ones, 1165

spatially and semantically: 1166

• Spatial IoU: Computed based on the overlap between 1167

lifted partial point clouds. If the IoU > 0.5, we consider 1168

these two objects to be spatially aligned. 1169
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Multi-View Images

Sample

Depth PredictionObject Detection

Single-View Images

2D -> 3D Lift

OBJ1 OBJ2 OBJ3 OBJ4

Rule-based  Relation Pair Proposal

3D Entity Point Cloud

SPOT

2D-3D Entity Mapping

2D

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:

!sem(i, j) =
fT

i
fj
2

+
1

2
,

where fi and fj are the CLIP embeddings for object i and1170

j. If the score > 0.5, we believe they belong to the same1171

object category.1172

These two scores are jointly used to fuse identical objects1173

observed from multiple views and to remove duplicates. In1174

our experiments, we observe that small objects’ point clouds1175

can typically be fused and recovered reliably from a few1176

frames. For large objects (e.g., floors, walls, ceilings), the1177

fusion is sensitive to two factors:1178

• Frame sampling frequency: Sparse sampling may in-1179

crease disparity between views, reducing overlap and sim-1180

ilarity.1181

• Camera motion: Adjacent frames may have limited field-1182

of-view overlap.1183

One feasible method to mitigate this issue is to increase1184

the sampling rate to increase the adjacent overlap. However,1185

when camera movement is too large, this problem still exists,1186

which is a limitation of most existing methods that follow1187

this frame-wise approach by lifting 2D detections to 3D.1188

This is an exciting direction for future exploration.1189

E.3. Edge Cases in 3DSG1190

Since the 3D scene graph is generated from images of the1191

scene and relies on generating 2D scene graphs as the "in-1192

termediate" step, there is a limited corner case when two1193

objects have never been co-observed in any images, but have1194

some semantic relation between them. This limitation is1195

common to many current 3D scene graph generation [10]1196

approaches that rely on 2D, per-frame observations. Like1197

prior approaches, our method assumes that meaningful ob- 1198

ject relations emerge from co-visible object pairs within at 1199

least one view. Handling disjoint objects from sparse views 1200

remains an open challenge. 1201

While our pipeline theoretically could predict relations 1202

for such disjoint object pairs if global relation proposals 1203

are provided, as mentioned in the question, these predic- 1204

tions would rely more heavily on textual priors instead of 1205

visual cues. We see this scenario as a valuable direction for 1206

future work: developing a multi-view context model allow- 1207

ing global relation queries across frames to support relation 1208

inference in sparse-view settings. 1209

F. More Qualitative Results 1210

In this section, we provide more qualitative results on dif- 1211

ferent datasets. In Fig. 10, Fig. 11, Fig. 12, we separately 1212

display more visualizations on three cross-domain datasets: 1213

PSG, 3DSSG, and ScanNet [8], showing the generalization 1214

ability of our model. In Fig. 13, we also present results on 1215

PSG that illustrate how SPOT predicts richer spatial rela- 1216

tions (e.g. "behind"), even though the ground-truth answers 1217

are different. This finding raises the need for a more robust 1218

and comprehensive evaluation method to quantify different 1219

perspectives of the scene graph prediction performance. 1220
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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 1221

While SPOT demonstrates strong generalization by leverag- 1222

ing a vision-language model (VLM), it remains inherently 1223

constrained by the prior knowledge and reasoning abilities 1224

of the underlying language model. This reliance limits its 1225

ability to handle relationships or concepts that fall too differ- 1226

ent from the pretrained distribution. In terms of efficiency, 1227

SPOT trades off throughput for generalization. Unlike tra- 1228

ditional approaches such as OvSGTR [6], which utilize 1229

lightweight architectures like Grounding DINO and simple 1230

MLP classifiers, our VLM-based method incurs additional 1231
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Figure 11. Additional cross-domain qualitative results on 3DSSG.
We visualize only the relations that exist in the ground truth.
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Figure 12. 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 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 predict1232

thousands of relation pairs within seconds, whereas prompt-1233

ing a large language model for the same quantity of relations1234

introduces latency and resource demands. Another potential1235

limitation arises from the length of the prediction sequence.1236

As the number of predicted triplets grows, the prompt length1237

increases accordingly, which can lead to degraded perfor-1238

mance due to the model’s limited context window. Although1239

we attempt to mitigate this by segmenting long prompts into1240

smaller batches during inference, this issue of forgetting re-1241

mains a broader challenge in both the scene graph generation 1242

downstream task and general language modeling. 1243

H. Social impact & Safeguards 1244

A key application of 3D scene graph models is their integra- 1245

tion into embodied agent systems for planning and interac- 1246

tion, where agents rely on spatial relation triplets and object 1247

locations to make decisions. Prediction of scene graphs 1248

for this purpose offers the potential for more explainable 1249

decision-making in these critical systems. However, cur- 1250

rent quantitative evaluation protocols for open-world 3D 1251

scene graph generation remain limited. To explore the full 1252

value of these systems to improve the safety of robotic ap- 1253

plications, further quantitative vetting becomes essential to 1254

ensure that both relationship predictions and object detec- 1255

tions faithfully represent the physical environment. Without 1256

such safeguards, erroneous predictions could result in agents’ 1257

interaction with objects in unsafe or unintended ways, posing 1258

potential risks in real-world deployment. 1259
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