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Abstract001

Large language models (LLMs) have recently002
been applied to 3D vision-language (3D-VL)003
tasks, in which spatial reasoning is required004
to identify target objects based on their posi-005
tions relative to others (i.e., anchors). To fa-006
cilitate effective scene layout understanding,007
scene graphs are commonly used to represent008
such spatial relations. However, reasoning over009
full graphs incurs high token costs and com-010
putational inefficiencies, motivating the use of011
scene graph pruning. Existing pruning methods012
predominantly rely on spatial proximity and013
often remove task-relevant relations, thereby014
undermining reliable spatial reasoning. To ad-015
dress these limitations, we derive a key require-016
ment for scene graph pruning: preserving the017
spatial relations that are most relevant to the018
specific 3D-VL task. Guided by this insight, we019
propose the Conceptual-Adjacent Scene Graph020
Pruner (CAPruner). CAPruner integrates021
fuzzy semantic relevance with spatial proximity022
to estimate relation importance, enabling the023
selection of critical relations in a task-specific024
context. Moreover, to avoid costly relation-025
level annotations, CAPruner is trained by su-026
pervising the aggregated scores of each node’s027
incident edges. Extensive experiments demon-028
strate that CAPruner effectively preserves re-029
lations essential for spatial reasoning, leading030
to substantial performance improvements of031
LLMs on 3D-VL tasks.032

1 Introduction033

With the development of large language models034

(LLMs) and their improved reasoning ability, us-035

ing pretrained LLMs to assist spatial reasoning036

has become a new paradigm for solving 3D Vision-037

Language (3D-VL) tasks (Hong et al., 2023; Huang038

et al., 2024b,a; Zemskova and Yudin, 2024). These039

tasks require identifying a target object based on040

its relative position to anchor objects, making ac-041

curate perception of spatial relationships crucial042

Missing
Relation

Locate the chair with a backrest. It is to the left of the bed.

Proximity-based KNN

Our CAPruner

Figure 1: Previous scene graph pruning in LLM spa-
tial reasoning only retains relations between nearest
neighbors, leading to missing key spatial relations. In
contrast, CAPruner considers both task-specific context
and spatial information for scene graph pruning to better
capture important spatial relations.

for effective spatial reasoning. To better repre- 043

sent relative positions among objects, prior work 044

introduced scene graphs (i.e., an abstract graph 045

whose nodes are objects and whose edges repre- 046

sent relative position relations between objects) for 047

LLMs to perceive the scene. However, as n ob- 048

jects produce
(
n
2

)
pairwise relations, sending all 049

relation descriptions directly to an LLM causes a 050

huge token count. This significantly reduces rea- 051

soning efficiency and hinders the extraction of use- 052

ful information, making scaling impractical. For 053

example, in the InteriorGS dataset (SpatialVerse 054

Research Team, 2025), the average number of ob- 055

jects per scene exceeds 554, which would make 056

the input token count reach the million level and 057

exceed the input length limits of many LLMs. In 058

real-world scenarios with even more objects, encod- 059
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ing all pairwise relations becomes even less feasi-060

ble. To address this, 3DGraphLLM (Zemskova and061

Yudin, 2024) uses a proximity-based K-Nearest-062

Neighbors (KNN) pruning strategy and encodes063

only the relations between each object and its two064

nearest neighboring objects.065

However, as shown in Fig. 1, proximity is not066

strongly correlated with the necessity of a specific067

binary relation for solving a given task. Combined068

with the sparsity that KNN pruning produces in069

the scene graph, this approach cannot guarantee070

that the relations required to solve a problem are071

preserved after pruning. When a necessary relation072

(e.g., the relation between the bed and the chair073

in the figure) is pruned, the LLM cannot use the074

anchor object to find the target. Moreover, such075

an approach does not guarantee the connectivity of076

the remaining scene graph. Thus, proximity-based077

KNN cannot fully capture the layout of the entire078

scene, as the relations between different connected079

components are missing. As LLMs rely heavily on080

the retained relations, both shortcomings lead to081

errors in spatial reasoning.082

These observations lead to an important question:083

Under a limited budget, which relations in the084

scene graph should be kept? In 3D-VL tasks,085

textual descriptions of relations between objects086

may include references to anchor objects using087

their category names and a spatial relation, e.g.,088

“locate the chair (target) next to (relation) the table089

(anchor)”. Hence, we claim that the importance of090

a relation can be measured by the attributes of both091

the incident objects and their positional correlation.092

Based on this, we propose a lightweight093

Conceptual-Adjacent Scene Graph Pruner094

(CAPruner) to select object relations that are po-095

tentially useful for solving specific 3D-VL tasks.096

To reduce the risk of mistakenly pruning relations097

needed to answer the query, fuzzy matching is ap-098

plied. For each object, we assign its weight by com-099

puting the semantic similarity between its name100

and words in the natural-language description of101

a specific task. For example, for the phrase “red102

chair”, we give higher weight to all chairs in the103

scene without checking each chair’s actual color.104

This reduces pruning mistakes that could deterio-105

rate downstream LLM reasoning. For spatial rela-106

tions between objects, the type of relation (e.g., left,107

right) can depend on the viewpoint and is hard to108

accurately determine by a compact pruning model.109

Hence, we weight edges by object distance follow-110

ing the Maxim of Relation (Grice, 1975). Com-111

bining these two factors, CAPruner computes the 112

importance of each edge in the scene graph. The 113

network takes the semantic similarity score of the 114

two endpoint objects and their distance as input 115

and outputs an edge weight for pruning. 116

During training, as current 3D-VL datasets only 117

annotate the target object, and annotating all pair- 118

wise relations is prohibitively expensive, we super- 119

vise edge-weight learning using only the available 120

target object labels. Concretely, we aggregate the 121

weights of edges around each node and use the 122

aggregated node score for supervision. This en- 123

courages edges near the target object to receive 124

higher weights. At pruning time, we compute 125

edge weights in the same way for each scene. For 126

every node in the scene graph, we keep incident 127

edges with the highest weights. Since the pruned 128

scene graph only needs to preserve relations re- 129

quired by solving a specific task (i.e., not to fully 130

describe the entire scene), our method avoids the 131

trade-off between preserving global graph connec- 132

tivity and retaining query-relevant relations. 133

To sum up, our main contributions are: (1) We 134

conduct qualitative experiments that reveal LLMs 135

perform poorly on spatial relations that are not ex- 136

plicitly mentioned. From this, we summarize the 137

scene-graph requirements when using LLMs for 138

spatial reasoning. (2) We propose CAPruner, a 139

lightweight scene-graph pruning model that uses 140

fuzzy matching on semantics and spatial proximity, 141

plus aggregated node supervision for edge weights. 142

It preserves limited pairwise relations while keep- 143

ing relations needed to answer a given 3D-VL task. 144

(3) We validate the pruning rationale through exten- 145

sive experiments. Both quantitative and qualitative 146

results show that our pruning method helps down- 147

stream LLMs perform spatial reasoning in scenes 148

more accurately. 149

2 Related Work 150

2.1 3D LLMs for 3D-VL Tasks 151

In spatial reasoning tasks, models must accurately 152

perceive the spatial relationships between objects 153

to generate correct answers. Given the limited avail- 154

ability of 3D scene-text paired data, prior research 155

has leveraged the perception and reasoning capabil- 156

ities of large language models (LLMs) to enhance 157

spatial reasoning. One such approach, 3D-LLM 158

(Hong et al., 2023), encodes the entire 3D scene 159

as a holistic feature. While this method preserves 160

the general layout of the scene, it sacrifices fine- 161
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grained details and mixes features of all objects,162

making it difficult for the model to identify individ-163

ual objects and hindering object-level spatial rea-164

soning. To address this, LEO (Huang et al., 2024b)165

and Chat-Scene (Huang et al., 2024a) segment the166

scene into distinct objects, encoding the features of167

each object as input tokens. Although promising,168

these methods struggle to effectively extract spatial169

relations between objects, as the absolute positions170

are prematurely fused with geometric features.171

To overcome these limitations, 3DGraphLLM172

(Zemskova and Yudin, 2024) introduces additional173

input tokens to explicitly represent spatial rela-174

tions between objects. However, as the number175

of relations grows quadratically with the number176

of objects (often exceeding the input limits of177

LLMs), 3DGraphLLM adopts a proximity-based178

KNN strategy, encoding only the relations between179

each object and its two nearest neighbors. Despite180

this, the approach remains prone to errors, as it181

neglects task-specific context and proximity does182

not always align with task-relevant importance.183

In contrast, CAPruner considers both semantic184

relevance and spatial layout when pruning scene185

graphs, providing LLM with key relations for solv-186

ing specific 3D-VL tasks.187

2.2 Scene Graphs188

Scene graphs are structured representations that189

capture objects and the semantic relations between190

them. Originally developed in the 2D vision-191

language domain, scene graphs have been effective192

for tasks such as image retrieval, referring expres-193

sion comprehension, and captioning. Extending194

these concepts to 3D provides a promising way to195

incorporate structured, relational knowledge in 3D196

vision-language reasoning.197

Scene graphs have also been widely adopted in198

the 3D domain to address robotics-oriented chal-199

lenges, including motion planning (Honerkamp200

et al., 2024; Werby et al., 2024), object localization201

for navigation (Gu et al., 2024; Honerkamp et al.,202

2024; Linok et al., 2024; Werby et al., 2024), and203

robotic manipulation (Honerkamp et al., 2024), as204

well as 3D scene construction (Gao et al., 2024;205

Zhai et al., 2024). Aligned with the fast-growing206

trend of integrating scene graphs for enhancing207

spatial reasoning in various 3D-VL tasks, several208

previous methods have leveraged scene graphs to209

represent spatial relations between objects in the210

scene. OVSG (Chang et al., 2023) frames the 3D211

visual grounding problem as a subgraph retrieval212

task; 3DGraphQA (Wu et al., 2024) facilitates 3D 213

visual question-answering by introducing a bilin- 214

ear graph neural network to realize feature fusion 215

between scene graphs and question graphs; FFL- 216

3DOG (Feng et al., 2021) constructs scene graphs 217

based on a textual and visual information and aligns 218

them to obtain the target. Despite these methods 219

having achieved promising results in their respec- 220

tive 3D-VL tasks, they fail to design task context- 221

specific scene graphs tailored to the demands of 222

LLMs (as discussed in Sec. 3), and thus are prone 223

to omitting critical spatial relations that are essen- 224

tial for robust LLM-driven spatial reasoning. 225

In contrast, CAPruner provides task context- 226

based scene graph pruning. It retains critical spatial 227

relations tailored to LLM reasoning requirements 228

while discarding redundant structural information, 229

thereby enhancing the efficiency and accuracy of 230

LLM-driven spatial reasoning in 3D-VL tasks. 231

3 Findings 232

In this section, we explore the role of scene graphs 233

in spatial reasoning tasks for large language mod- 234

els (LLMs). Specifically, we have addressed the 235

following two core questions: (1) Why is the con- 236

struction of scene graphs critical for subsequent 237

reasoning tasks? (2) Why do existing scene graph 238

pruning methods exhibit significant issues? 239

3.1 Importance of Scene Graph Pruning 240

To demonstrate the importance of scene graph prun- 241

ing for LLMs in spatial reasoning tasks, we com- 242

pare the effects of different edge-selection strate- 243

gies on downstream task performance. Specifically, 244

we fine-tune LLMs with well-pruned scene graphs 245

and perturbed scene graphs (where some critical 246

spatial relations are removed manually). Then, we 247

test the models on the validation split of the Scan- 248

Refer dataset (Chen et al., 2020), which has de- 249

manding spatial reasoning requirements, and com- 250

pare the accuracy of the LLM’s responses. 251

As shown in Fig. 2 (a), model performance de- 252

clines after perturbation, indicating that the absence 253

of key relations leads to insufficient perception of 254

the scene, resulting in errors in spatial reasoning. 255

This underscores the model’s reliance on the rel- 256

ative positioning of objects encoded in the scene 257

graph. Therefore, to better support spatial reason- 258

ing, the pruning model must ensure that spatial 259

relations essential for addressing specific tasks are 260

preserved in the pruned edges. 261
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(a) (b)

(c)

Figure 2: (a) We perturb an existing LLM that utilizes a scene graph for spatial understanding, replacing some key
relations for solving tasks with unimportant ones. The decay in accuracy reflects LLM’s reliance on the encoded
relations in the scene graph. (b) Proximity-based KNN overlooks the importance of the context of individual 3D-VL
tasks, causing redundancy in local regions (lower part) and global insufficiency (upper part). (c) Over 67% of the
scenes in ScanNet are disconnected after applying the proximity-based KNN pruning strategy, which results in poor
structural integrity for representing the layout for the entire scene.

Finding 1: Removing key spatial relationships
significantly impairs spatial reasoning.

262

3.2 Shortcomings of Current Scene Graph263

Pruners264

Existing methods, such as 3DGraphLLM (Zem-265

skova and Yudin, 2024), employ a proximity-based266

KNN pruning strategy, which preserves the spatial267

relations between each object and its two nearest268

neighbors in the scene. Such an approach defines269

the importance of relations solely based on the dis-270

tance between objects. However, this approach has271

two key limitations:272

Semantic and Structural Gaps. As the im-273

portance of relations is determined entirely by the274

distance between objects, they neglect the impor-275

tance of semantic information (e.g., object cate-276

gories) in the context of specific 3D-VL tasks. For277

example, in Fig. 2 (b), the proximity between book-278

shelves and books leads the proximity-based KNN279

pruning method to establish numerous connections280

between them, while overlooking relations with281

other objects. As a result, the LLM provides in-282

correct answers when tasked with locating “the 283

bookshelf with 7 shelves and 4 sections, located 284

on the wall opposite the table that has books on 285

it,” as there is no relation between the bookshelf 286

and the wall. Furthermore, the proximity-based 287

KNN pruning strategy does not ensure the connec- 288

tivity of the pruned scene graph. As illustrated in 289

Fig. 2 (c), among the 707 scenes from the ScanNet 290

data (Dai et al., 2017), only 232 (less than 33%) 291

retain connectivity after pruning. For other scenes, 292

the scene graph fails to represent the relative po- 293

sitions of objects between connected components 294

and, thus, is unable to represent the layout of the 295

entire scene. This severely limits spatial reasoning 296

and the model’s ability to comprehend the scene. 297

Finding 2: Scene graph pruning should inte-
grate semantic information and maintain struc-
tural integrity for the region of interest.

298

Rigid Pruning Policies. Previous methods 299

(Wang et al., 2023; Zemskova and Yudin, 2024) 300

rely on fixed pruning strategies to select relations 301

for representing the layout of objects within a scene. 302
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Figure 3: The architecture of the CAPruner model. The framework first computes semantic relevance scores via
fuzzy matching and edge weights. Then, the training branch aggregates edge weights into node weights via p-norm
aggregation for node-wise supervision through weighted MSE loss, while the inference branch prunes edges based
on edge weights to generate a task-specific scene graph.

Such an approach limits their flexibility and ability303

to adapt to the specific context of a query. This304

rigidity hinders the model’s ability to prioritize the305

most context-relevant information, forcing it to en-306

code unnecessary relations. For example, when307

tasked with a 3D visual grounding query identify-308

ing “the table to the north of the two bookshelves309

in the center of the room, which is a long, creamy310

brown rectangle” in the scene shown in Fig. 2 (b),311

the fixed pruning strategy fails to emphasize the312

relations crucial to the query (e.g., table-bookshelf).313

Instead, it retains redundant connections, such as314

those between sections of bookshelves, wasting315

budget on irrelevant relations. Consequently, the316

model inefficiently uses computational resources317

by processing irrelevant information that does not318

contribute to the specific task at hand.319

Finding 3: Pruning strategy needs to be adap-
tive to task-specific context for prioritizing rele-
vant information.320

Based on the analysis above, we can propose a321

basic paradigm for scene graph pruning algorithms:322

(1) To better extract scene structural information323

for LLM spatial reasoning, it is essential to retain324

the spatial relations between objects that are crucial325

for answering specific 3D-VL tasks in the pruned326

scene graph; (2) During scene graph construction,327

the pruning model should integrate the context of328

specific 3D-VL tasks, the semantic information of329

objects, and the spatial relations between objects330

to assess the importance of each edge.331

4 Method 332

4.1 Fuzzy Matching 333

According to the above-mentioned paradigm, 334

we propose Conceptual-Adjacent Scene Graph 335

Pruner (CAPruner). CAPruner is designed to 336

prioritize relations that are crucial in the context 337

of specific 3D-VL tasks according to the semantic 338

properties of objects and their spatial relations in 339

the scene. While LLMs are highly sensitive to miss- 340

ing key relations, they are relatively robust to small 341

amounts of redundant information. Thus, the goal 342

of CAPruner is to minimize the risk of erroneous 343

pruning under a limited budget of retained edges. 344

For individual objects, textual references typ- 345

ically include the object’s name (e.g., “table”, 346

“cup”) and its properties (e.g., “rectangular”, “red”). 347

Due to current limitations in aligning 3D point 348

cloud features with textual data (Li et al., 2025a; 349

Hadgi et al., 2025), filtering referents according to 350

the object’s detailed properties can easily lead to 351

incorrect pruning decisions. For example, when 352

attempting to match a “red, round table next to 353

three chairs,” any error in determining the object’s 354

color, shape, or relative positioning can result in 355

the actual referent being mistakenly deemed unim- 356

portant, triggering false rejection in pruning. To 357

address this, we match objects semantically based 358

on their categories. For instance, when the query 359

mentions a “table,” the scene’s table and seman- 360

tically similar objects (e.g., “desk”) receive extra 361

weight according to their semantic similarity. 362

Regarding the spatial relationships between ob- 363
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jects, many relational expressions are perspective-364

dependent (e.g., “front”, “back”, “left”, and365

“right”). Such a property has made models struggle366

with understanding these relational categories (Yu367

et al., 2025). To prevent incorrect pruning in such368

cases, we assign higher weights to objects that are369

closer in proximity, in accordance with the Maxim370

of Relation theory. (Grice, 1975)371

4.2 Model Architecture372

In this section, we introduce the architecture of373

the CAPruner model, as shown in Fig. 3. The374

backbone of CAPruner first calculates semantic rel-375

evance scores, and then obtains the weight of each376

edge as a function of the distance and semantic rele-377

vance scores of the objects at its ends. The training378

branch aggregates edge weights to node weights for379

node-wise supervision, while the inference branch380

prunes according to edge weights.381

Semantic Relevance Calculation. The seman-382

tic relevance of an object is determined by the de-383

gree to which its category aligns with the context384

of the 3D-VL task description. Let T represent the385

set of tokens in the natural language description386

of the 3D-VL task, and ci denote the category of387

object i. The semantic relevance score si for object388

i is calculated as the maximum similarity between389

the object’s category and the task tokens, i.e.,390

si = max
t∈T

{Similarity(ci, t)} (1)391

Edge Weight Calculation. The weight of an392

edge between two objects i and j is determined by393

their semantic relevance scores and spatial prox-394

imity within the scene. Let Pi and Pj denote the395

positions of objects i and j in the 3D scene. The396

edge weight wij is defined as a function of the se-397

mantic relevance scores si, sj and the Euclidean398

distance ||Pi−Pj ||2 between the objects. Formally,399

wij = f(si, sj , ||Pi − Pj ||2) (2)400

where f(·) is a multi-layer perceptron that aggre-401

gates these features to compute the edge weight.402

Node-wise Supervision. Currently, many main-403

stream 3D-VL datasets (Chen et al., 2020; Azuma404

et al., 2022; Ma et al., 2023) provide annotations405

for the target object with respect to the textual de-406

scription. However, none of them provides the407

importance of edges between each pair of objects.408

Moreover, as the labeling effort of such annotations409

scales quadratically with the number of objects, it410

is impractical to manually label task-specific inter- 411

object relations. Hence, CAPruner employs a node- 412

wise supervision that aggregates edge weights to 413

node weights, supervises node weights, and propa- 414

gates the effect back to edge weights. Specifically, 415

the weight of each node is calculated using a graph 416

neural network (GNN) approach that aggregates 417

the weights of the edges incident to it. This aggre- 418

gation is performed using the p-norm method: 419

vi = sigmoid

∑
j

wp
ij

1/p

(3) 420

where vi is the node weight of the i-th object, and 421

p is a hyperparameter that controls the p-norm ag- 422

gregation of edge weights. 423

Weighted MSE loss. Since the number of target 424

objects in the 3D-VL task is typically much smaller 425

than the number of non-target objects, we balance 426

the contributions of target and non-target objects 427

using a weighted mean squared error (WMSE) loss. 428

For the target object set O and the non-target object 429

set Õ, the loss function L is defined as: 430

L =
1

|O|
∑
i∈O

(vi − 1)2 +
1

|Õ|

∑
i∈Õ

v2i (4) 431

As the sigmoid function limits vi in the range of 432

(0, 1), the first term encourages nodes correspond- 433

ing to target objects to have higher weights, and 434

the second term encourages nodes corresponding 435

to non-target objects to have lower weights. 436

These weights are then propagated back through 437

the p-norm aggregation operation on the scene 438

graph, encouraging edges incident to target objects 439

to have higher edge weights, while lowering the 440

edge weights of edges incident to non-target ob- 441

jects. Such a supervision approach helps the model 442

to strike a better balance between semantic rele- 443

vance and proximity. 444

By the end of training, the scene graph can be 445

flexibly pruned according to edge weights with 446

respect to the task context, preserving the most 447

relevant relationships for the task at hand while 448

discarding redundant or irrelevant connections. 449

5 Experiments 450

5.1 Experimental Settings 451

Implementation Details. For semantic relevance 452

calculation, we classify objects into general cate- 453
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Model
ScanRefer ScanQA SQA3D

A.@0.25 A.@0.5 M.@0.25 M.@0.5 BLEU-4 EM@1

FFL-3DOG (Feng et al., 2021) 41.3 34.0 35.2 25.7 – –
SeeGround (Li et al., 2025b) 44.1 39.4 34.0 30.0 – –
CSVG (Yuan et al., 2025) 49.6 39.8 38.4 27.3 – –
VPP-Net (Shi et al., 2024) 55.7 43.3 50.3 39.0 – –
AugRefer (Wang et al., 2025) 55.7 44.0 50.0 39.1 – –
MA2TransVG (Xu et al., 2024) 57.9 45.7 53.8 41.4 – –
3D-VisTA (Zhu et al., 2023) 50.6 45.8 43.7 39.1 13.1 48.5
3DGCTR (Luo et al., 2024) 57.8 46.3 52.2 41.3 – –
TSP3D (Guo et al., 2025) 56.5 46.7 – – – –
Scene-LLM (Fu et al., 2025) – – – – 12.0 54.2
Chat-Scene-7B (Huang et al., 2024a) 55.5 50.2 – – 14.3 54.6
PQ3D (Zhu et al., 2025) – 51.2 – 46.2 – 47.1

3DGraphLLM-1B (Zemskova and Yudin, 2024) 52.5 47.5 45.0 40.5 12.2 52.6
CAPruner + Llama-3.2-1B (Ours) 55.0 49.6 48.0 42.8 13.0 52.8
Performance Gain Over Proximity-based KNN + 4.8% + 4.4% + 6.7% + 5.7% + 6.6% + 0.4%

3DGraphLLM-8B (Zemskova and Yudin, 2024) 60.2 54.6 54.7 49.4 12.5 55.2
CAPruner + Llama-3-8B (Ours) 61.7 56.0 55.3 49.9 13.2 56.3
Performance Gain Over Proximity-based KNN + 2.5% + 2.6% + 1.1% + 1.0% + 5.6% + 2.0%

Table 1: Results for the comparative experiments. CAPruner has achieved consistent gains under all metrics. A. / M.
stands for the accuracy of the overall / “multi” split of the dataset.

gories defined in the NYUv2 dataset (Nathan Sil-454

berman and Fergus, 2012). The object receives455

a semantic similarity score of 1 only when there456

exists an object of the same category in the tex-457

tual description. When computing edge weights458

using the semantic relevance score and objects’459

pairwise distances, we utilize a 3-layer MLP with460

1219 parameters, which yields high computational461

efficiency. To enhance the robustness of our model462

while making a fair comparison with the previ-463

ous proximity-based KNN model, 3DGraphLLM464

(Zemskova and Yudin, 2024), we preserve two inci-465

dent edges with the highest weights for each node466

in the scene graph. In the experiments, Llama-467

3.2-1B is used for 1B models, and Llama-3-8B468

is used for 8B models. (Grattafiori et al., 2024)469

When parsing the pruned scene graph into LLM470

for inference, we arrange a series of tokens in a471

sequence. The sequence pattern follows the same472

setting in 3DGraphLLM, encoding the features of473

texts, individual objects, and selected relations.474

Training Approach. During training, we first475

train the CAPruner model for pruning the scene476

graph. The model is trained for 50 epochs with a477

batch size of 16, a learning rate of 10−3, and p = 3478

for p-norm aggregation. Then, we fine-tune the479

LLM using LoRA with r = 16 for 3 epochs with a480

batch size of 8 and a learning rate of 2× 10−5. 481

5.2 Comparative Experiment 482

In this experiment, we aim to verify the effective- 483

ness of CAPruner by comparing its performance 484

against previous models. The experiments are con- 485

ducted on the ScanRefer (Chen et al., 2020) dataset 486

for 3D visual grounding (3D VG), the ScanQA 487

(Azuma et al., 2022) dataset for 3D visual question- 488

answering (3D VQA), and the SQA3D (Ma et al., 489

2023) dataset for situated 3D VQA. Accuracy and 490

sentence similarity metrics are used for evalua- 491

tion.The results are shown in Table 1. 492

The results demonstrate that models using scene 493

graphs pruned by CAPruner have achieved large 494

gains throughout all metrics compared to mod- 495

els using proximity-based KNN pruning (i.e., 496

3DGraphLLM) when using the same LLM, es- 497

pecially on datasets with higher spatial reason- 498

ing demands like ScanRefer. Our model has also 499

achieved the highest scores for most metrics, show- 500

ing the superiority of our method in spatial reason- 501

ing and comprehensive 3D-VL task-solving ability. 502

5.3 Comparison on Pruning Approaches 503

When using the scene graph to represent the layout 504

of the entire scene, the connectivity after pruning is 505

crucial to maintaining structural integrity, but it also 506
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Pruning Method
ScanRefer ScanQA SQA3D

A.@0.25 A.@0.5 M.@0.25 M.@0.5 B.-3 B.-4 EM@1 ROUGE CIDEr

Proximity-based KNN 52.52 47.55 44.96 40.52 17.92 12.20 52.59 53.78 138.29
CAPruner (MST) 54.40 49.00 47.06 41.98 18.13 11.74 52.36 53.69 138.95

Gain 1.87 1.45 2.10 1.46 0.21 -0.46 -0.23 -0.09 0.66
CAPruner (KNN) 55.04 49.60 47.97 42.84 18.49 13.02 52.79 54.14 139.09

Gain 2.51 2.05 3.01 2.32 0.57 0.83 0.20 0.36 0.80

Table 2: Results for ablation study on different pruning methods. CAPruner with the KNN pruning strategy achieves
the highest scores as it incorporates semantic information and focuses more on the region of interest. A. / M. stands
for the accuracy of the overall / “multi” split of the dataset, B. stands for BLEU scores.

Proximity Semantic Similarity Accuracy

✘ None 7.73
✘ Bert (Devlin et al., 2019) 8.21
✘ Strict Matching 17.71
✘ Fuzzy Matching 24.44

✔ None 7.73
✔ Bert (Devlin et al., 2019) 8.57
✔ Strict Matching 24.38
✔ Fuzzy Matching 24.57

Table 3: Results for ablation studies on the usage of
proximity and semantic similarity information. Strict
matching increases semantic scores when the category
appears in the description. Using proximity information
and the fuzzy matching strategy for semantic similarity
achieves the highest accuracy.

hinders the model from focusing on more important507

relations. As CAPruner is designed to represent key508

relations in a specific 3D-VL task context, it only509

needs to focus on the region of interest, lowering510

the requirement on structural integrity.511

In this experiment, after training the CAPruner512

model, we use KNN and MST (first select the edges513

on the maximum-weight spanning tree of the scene514

graph, then each node selects one more remaining515

incident edge with the largest weight) strategies516

for pruning. Finally, we fine-tune the downstream517

LLM and compare the performances.518

The results in Table 2 demonstrate that the KNN519

strategy performs better, verifying our advantage520

of forgoing the requirement of structural integrity521

by characterizing local regional features.522

5.4 Ablation Studies523

In this experiment, we perform ablation studies524

on model settings. We calculate the accuracy of525

CAPruner as the percentage of samples where it526

can correctly predict |O| (i.e., number of targets)527

objects with top node weights without LLM. Re-528

Figure 4: Results for ablation study on the value of p
used for p-norm aggregation.

sults on ablation studies for the use of proximity, 529

semantic similarity calculation approach, and p for 530

p-norm aggregation are in Table 3 and Fig. 4. 531

The results lead to the following conclusions: (1) 532

Fuzzy matching surpasses other strategies (includ- 533

ing Bert embedding, as embeddings’ discriminabil- 534

ities are relatively low). (2) Proximity can help 535

the model identify important edges and target ob- 536

jects, but its effect is much smaller than semantics, 537

which also aligns with the claim of the Maxim of 538

Relation that “in reference, semantics are given pri- 539

ority, while proximal objects are considered when 540

conditions are equal”. (3) The accuracy grows as 541

p grows, indicating that edges with large weights 542

play a more important role than the sum of the edge 543

weights in predicting target objects. 544

6 Conclusion 545

In this paper, we propose CAPruner, a lightweight 546

scene graph pruning model designed to enhance 547

the spatial reasoning ability of large language mod- 548

els. By incorporating task-specific context, ob- 549

ject semantics, and spatial relations, CAPruner has 550

achieved consistent gains over previous methods, 551

demonstrating the importance of utilizing a task- 552

specific scene graph for 3D scene representation. 553
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Limitations554

Though edges in scene graphs can correspond to555

most expressions in 3D-VL task descriptions, they556

cannot represent complex relations (e.g., the fourth557

chair counting from the left in a row of chairs558

behind the fifth row of desks in the classroom).559

Therefore, a more versatile and generalizable data560

structure should be considered to better represent561

complex relations in real-world scenarios.562
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A.1 scene0011_00773

Figure 5: Scene graph pruned by proximity-based KNN.
The region of interest is boxed out in blue.

Figure 6: Scene graph pruned by CAPruner according
to 3D VG description “it is a gray trash can, the trash
can sits in the corner by where the TV is”. The region
of interest is boxed out in blue.

As shown in Fig. 5, when using proximity-based774

KNN to prune the scene graph, the resulting graph775

is overall sparse, hindering the model’s ability to776

perceive the scene layout. In contrast, by introduc-777

ing more edges with larger lengths, CAPruner can 778

better shape the structure of the scene. 779

Moreover, when handling the task of locating “it 780

is a gray trash can, the trash can sits in the corner 781

by where the TV is”, the scene graph in Fig. 5 782

fails to represent the spatial relation between the 783

trash can and the TV, as the trash can are connected 784

with the table and the wall, which are closer to 785

it. By considering the categories of objects and 786

the semantics of the task description, CAPruner 787

(as shown in Fig. 6) gets rid of the limitations of 788

spatial proximity and retains the edge between the 789

trash can and the TV to reach the spatial reasoning 790

requirement of the description. 791

A.2 scene0015_00 792

Figure 7: Scene graph pruned by proximity-based KNN.

Figure 8: Scene graph pruned by CAPruner according
to 3D VG description “it is a long brown table located
opposite the crossed table on the other side”.

11



As shown in Fig. 7 and Fig. 8, while proximity-793

based KNN pruning can only focus on local spatial794

relations, CAPruner can focus on long-range rela-795

tions according to the requirement of the task. Such796

a characteristic enables the model to handle spatial797

relations with longer distances, e.g., “opposite to”798

and “farthest”.799

A.3 scene0025_00800

Figure 9: Scene graph pruned by proximity-based KNN.
The region of interest is boxed out in blue.

Figure 10: Scene graph pruned by CAPruner according
to 3D VG description “this is an off-white and black
monitor, it is on the right closely to an all white monitor
that is similar in size”. The region of interest is boxed
out in blue.

A.4 scene0208_00 801

Figure 11: Scene graph pruned by proximity-based
KNN.

Figure 12: Scene graph pruned by CAPruner according
to 3D VG description “it is a long brown table located
opposite the crossed table on the other side”.

As shown in the lower part of Fig. 2 (b) and Fig. 11, 802

there are lots of edges that have both ends within 803

the same bookshelf. Such a phenomenon is caused 804

by the preliminary step for LLM spatial reason- 805

ing, i.e., scene instance segmentation. When the 806

segmentation model, e.g., Mask3D (Schult et al., 807

2023), segments large objects (e.g., bookshelf) into 808

multiple small objects (e.g., books or sections of 809

the bookshelf). Such a segmentation result makes 810

proximity-based KNN prone to preserving edges 811

between different parts of the same object. In con- 812

trast, as CAPruner also takes semantic similarity 813

into consideration, the pruned scene graph is more 814

robust to the segmentation result. 815
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