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Abstract

Recent Large Vision-Language Models001
(LVLMs) have shown remarkable success in002
general semantic understanding. However,003
they still struggle with 3D spatial reasoning004
tasks, such as estimating metric distances005
or understanding precise relative positions.006
Previous works, like SpatialVLM, tried to007
address this by using synthesized spatial VQA008
dataset. However, they are fundamentally009
limited because their vision encoders are010
biased toward 2D patterns learned from011
image-text pairs. In this paper, we argue012
that this lack of 3D awareness is a critical013
bottleneck that cannot be solved by data014
scaling alone. To address this, we propose015
Pseudo Geometric Distillation (PseudoGD), a016
framework designed to help vision encoders017
internalize 3D geometric information using018
only standard 2D images. PseudoGD explicitly019
injects metric scale and structural context020
into the encoder through a Joint Training021
strategy. This approach optimizes geometric022
learning and spatial VQA tasks together,023
ensuring that the Large Language Model024
(LLM) aligns well with the improved visual025
features in real-time. Extensive experiments on026
the OmniSpatial benchmark demonstrate that027
PseudoGD achieves enhanced performance028
across various model architectures. Notably,029
significant improvements in Hypothetical030
Perspective Taking and Locate tasks prove that031
our model has effectively learned a physical032
sense of space.033

1 Introduction034

The scope of Vision-Language Models (VLMs)035

now extends beyond basic tasks like image caption-036

ing and VQA to Embodied and Physical AI, where037

agents interact with the real world (Radford et al.,038

2021; Alayrac et al., 2022; Driess et al., 2023; Li039

et al., 2022; Goyal et al., 2017; Zitkovich et al.,040

2023; Hudson and Manning, 2019). Robust spatial041

understanding, such as accurate perception of the042

locations, distances, and scales of objects, is essen- 043

tial for these systems (Chen et al., 2024; Wang et al., 044

2024; Yu et al., 2025). However, spatial reasoning 045

remains a persistent bottleneck for current VLMs, 046

limiting their effectiveness in tasks that require pre- 047

cise geometric and structural understanding (Lin 048

et al., 2024; Liu et al., 2024; Kamath et al., 2023; 049

Majumdar et al., 2024; Nikolov et al., 2025; Song 050

et al., 2025). 051

To address this, SpatialVLM (Chen et al., 2024) 052

improved spatial understanding by using large syn- 053

thetic Spatial VQA datasets without explicit 3D 054

training. Following this trajectory, subsequent 055

studies have explored various avenues to increase 056

spatial awareness. Based on this, OmniSpatial 057

(Mengdi Jia et al., 2025) introduced a spatial rea- 058

soning benchmark grounded in cognitive psychol- 059

ogy, VLM-3R (Fan et al., 2025) used 3D recon- 060

struction, and SpatialRGPT (Cheng et al., 2024) im- 061

proved spatial reasoning with region-based prompt- 062

ing. 063

Despite these advances, vision encoders of most 064

VLMs are trained on 2D image-text pairs, limiting 065

their ability to comprehend 3D spatial structures. 066

To bridge this gap, we introduce Pseudo Geomet- 067

ric Knowledge Distillation (PseudoGD). This ap- 068

proach empowers vision encoders to internalize 3D 069

geometric cues from monocular inputs by leverag- 070

ing depth and segmentation models as "Teachers," 071

effectively mitigating the inherent 2D bias. Un- 072

like previous works (Huang et al., 2023; Li et al., 073

2025; Hong et al., 2023) that depend on 3D point 074

clouds or multi-view data, our approach ensures 075

high scalability and generalization performance 076

through Pseudo knowledge distillation using only 077

2D images. Consequently, PseudoGD achieves a 078

remarkable 59.6% accuracy, nearly doubling the 079

performance of SpaceLLaVA (32.1%) and estab- 080

lishing a new baseline for comprehensive spatial 081

understanding. 082
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2 Related Works083

Early VLM research primarily focused on visual084

grounding, establishing correspondences between085

visual objects and textual descriptions (Mao et al.,086

2016; Nagaraja et al., 2016; Yu et al., 2016). While087

datasets such as Visual Genome (Krishna et al.,088

2017) contributed to training 2D positional infor-089

mation at the bounding box level, they remained090

limited to planar recognition, excluding depth and091

3D structural contexts. However, the advancement092

of Embodied AI and robotics has necessitated that093

VLMs possess 3D spatial understanding capabili-094

ties, such as metric distance estimation and relative095

spatial relations, beyond simple localization (Zhu096

et al., 2024; Sun et al., 2025).097

The most dominant trend involves solutions098

through datasets synthesis. SpatialVLM (Chen099

et al., 2024) demonstrated that quantitative data ex-100

pansion can enhance qualitative reasoning by con-101

structing a massive VQA dataset that synthesizes102

3D geometric information onto internet-scale 2D103

images. Similarly, RoboSpatial (Song et al., 2025)104

combined 3D scan data from robotics environments105

with 2D images to train the spatial awareness re-106

quired for robotic manipulation. Meanwhile, Spa-107

tialRGPT (Cheng et al., 2024) and SR-3D (Cheng108

et al., 2025) were proposed to improve inference109

without modifying the model architecture. These110

methods enhance spatial reasoning performance by111

using region-based prompting to guide the model’s112

focus toward specific pixel areas. However, these113

studies share a common limitation: they rely on114

pre-trained encoders (e.g., CLIP (Radford et al.,115

2021)) fundamentally biased toward 2D semantic116

matching. Since adjustments at the text or prompt117

level do not fundamentally alter the encoder’s in-118

ternal representations, reasoning in the absence of119

3D structural information remains superficial (Hu120

et al., 2025; Qin et al., 2025).121

Recently, model-centric approaches have122

emerged to geometrically tune vision encoders123

(Radford et al., 2021; Oquab et al., 2023; Doso-124

vitskiy, 2020) themselves. VLM-3R (Fan et al.,125

2025) introduced an auxiliary module for 3D126

reconstruction from monocular video to assist127

visual perception, while 3D VLM-GD (Lee et al.,128

2025) proposed a geometric knowledge distillation129

method that extracts geometric cues from 3D130

foundation models and injects them into the131

vision encoder. Although 3D VLM-GD (Lee132

et al., 2025) aligns with our technical trajectory,133

it faces a decisive constraint stemming from its 134

strict dependency on fine-tuning with specific 135

datasets paired with multi-view images or 3D 136

point clouds. The construction of such datasets 137

necessitates specialized capture equipment and 138

strictly controlled environments. This dependency 139

imposes a critical bottleneck on data scalability, 140

fundamentally contradicting the philosophy 141

of data abundance advocated by prior works 142

like SpatialVLM. Consequently, it structurally 143

precludes the utilization of vast web-scale 2D data, 144

thereby isolating the model from the rich, diverse 145

visual distributions required for universal spatial 146

reasoning. 147

3 Methodology 148

We introduce PseudoGD, a framework designed to 149

empower vision encoders to internalize 3D geomet- 150

ric reasoning directly from monocular 2D inputs. 151

In this section, we define the fundamental cogni- 152

tive bottlenecks inherent in existing VLM training 153

paradigms and detail how our Pseudo Geometric 154

Distillation and Joint Training strategies effectively 155

bridge this gap. 156

3.1 Pseudo Geometric Knowledge Distillation 157

(PseudoGD) 158

As illustrated in Figure 1, the core principle of 159

this technique is to transfer the geometric reason- 160

ing capabilities of two teacher models, which are 161

Depth Pro (Bochkovskii et al., 2024) and Segment 162

Anything Model (SAM) (Kirillov et al., 2023; Ravi 163

et al., 2024; Carion et al., 2025), to the vision en- 164

coder without requiring explicit 3D ground-truth 165

data. By leveraging the knowledge distillation, 166

this method enables the encoder to internalize spa- 167

tial cues that are often absent in standard vision- 168

language pre-training. 169

We integrate two complementary geometric 170

properties to enrich visual representations. First, 171

we employ Depth Pro as the Metric Depth Teacher 172

to inject precise metric scale information. Unlike 173

relative depth estimation, Depth Pro accounts for 174

focal length and physical dimensions, providing 175

the encoder with a physical sense of scale essen- 176

tial for quantitative reasoning (e.g., "5-meter dis- 177

tance"). Second, we utilize SAM as the Structural 178

Segmentation Teacher to instill structural context. 179

By encapsulating sophisticated object boundaries 180

and part-whole relationships, SAM embeddings 181

enhance the encoder’s perception of complex spa- 182
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Figure 1: The training framework of PseudoGD. Our approach performs PseudoGD and Spatial VQA training
simultaneously to enhance 3D spatial understanding.

tial arrangements, such as occlusions and relative183

positioning.184

Through lightweight projection heads, we map185

the student encoder’s features into the teachers’186

respective spaces. The distillation objective com-187

bines metric depth error and structural similarity188

loss, ensuring the model is not confined by the bi-189

ases of specific 3D datasets. This facilitates the190

learning of universal geometric features, thereby191

securing a robust generalized capacity for compre-192

hensive 3D spatial understanding.193

3.2 Joint Training Strategy194

Sequential training, where an encoder is pre-trained195

on geometric tasks before being connected to an196

LLM, often leads to catastrophic forgetting of197

semantic knowledge and feature misalignment,198

where the LLM fails to adapt to the shifted visual199

distribution. To circumvent these issues, we adopt200

a Joint Training strategy that co-optimizes geomet-201

ric distillation and spatial VQA objectives within a202

unified loop. Formally, the total objective function203

is defined as Equation (1).204

LTotal = LVQA + LDepth + LSeg (1)205

Where LVQA denotes the autoregressive lan-206

guage modeling loss, while LDepth and LSeg rep-207

resent the distillation losses derived from the Met-208

ric Depth and Structural Segmentation teachers,209

respectively.210

This integrated optimization process enables the211

vision encoder to acquire geometric inductive bi-212

ases while simultaneously allowing the LLM to 213

learn, in real-time, how to interpret these evolv- 214

ing representations. Consequently, PseudoGD 215

achieves the capability to immediately leverage 216

visual depth and structural cues for linguistic rea- 217

soning, ensuring a seamless alignment between 218

visual perception and language generation. 219

4 Experiments 220

4.1 Experimental Setup 221

Datasets. For training, we utilize the VQASynth 222

dataset collection for SpaceLLaVA, SpaceQwen, 223

and SpaceThinker (Chen et al., 2024), which is 224

publicly available on Hugging Face, to establish 225

a baseline of fundamental spatial comprehension. 226

In the evaluation phase, we adopt the OmniSpatial 227

benchmark (Mengdi Jia et al., 2025) as the held-out 228

test set to rigorously validate comprehensive spatial 229

intelligence across diverse cognitive domains. 230

Evaluations. We conduct a comparative evalua- 231

tion against four representative VLMs that demon- 232

strate strengths in spatial perception or general 233

multimodal capabilities, specifically SpaceLLaVA 234

(Chen et al., 2024; Liu et al., 2023), SpaceMan- 235

tis (Chen et al., 2024), SpaceQwen2.5-VL, and 236

SpaceThinker-Qwen2.5(Bai et al., 2023; Yang 237

et al., 2025; Bai et al., 2025; Chen et al., 2024). 238

These models represent the state-of-the-art in 239

spatial interaction and general visual reasoning, 240

thereby providing a rigorous standard. 241

To rigorously evaluate comprehensive spatial 242
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Method Overall
Dynamic Reasoning Spatial Interaction Complex Logic Perspective Taking

Manipulate Motion Traffic Locate Geospatial
Strategy

Pattern
Recog.

Geometric
Reasoning Ego Allo Hypo.

SpaceLLaVA-13B 36.14 52.70 21.39 43.53 38.10 44.55 23.71 32.90 58.82 38.03 45.78
+ PseudoGD 38.88 56.76 30.35 50.59 41.90 47.27 28.87 25.81 53.92 39.10 45.78

SpaceMantis-8B 36.01 52.70 35.55 36.47 34.29 33.64 35.05 21.94 52.94 36.44 32.53
+ PseudoGD 37.18 54.05 33.24 42.35 35.24 36.36 34.02 21.94 51.96 38.83 43.37

SpaceQwen2.5VL-3B† 40.25 58.11 39.88 41.18 40.95 40.91 29.90 25.81 63.73 38.83 39.76
+ PseudoGD 39.73 50.00 42.20 48.24 43.81 37.27 28.87 27.10 50.00 36.97 45.78

SpaceThinker-Qwen2.5† 40.42 47.84 53.06 43.29 35.43 38.73 24.33 28.00 58.04 35.11 31.08
+ PseudoGD 42.20 55.41 49.42 49.41 40.95 39.09 26.80 26.45 67.65 35.64 44.58

Table 1: OmniSpatial benchmark results (%) on task-level evaluation. Results marked with † are cited from
OmniSpatial (Mengdi Jia et al., 2025).

reasoning capabilities, we utilize the OmniSpatial243

evaluation set (Mengdi Jia et al., 2025) as our pri-244

mary benchmark. We measure model performance245

across the four core dimensions defined by the246

benchmark: Dynamic Reasoning, Complex Spatial247

Logic, Spatial Interaction, and Perspective-Taking.248

Implementation Details. To ensure a rigorous249

comparative analysis, we trained all models using250

the identical base architectures and datasets as their251

respective baselines, with the inclusion of Pseu-252

doGD being the sole experimental variable. All253

models were fine-tuned using LoRA (Hu et al.,254

2022). To balance reasoning capacity with the255

preservation of visual priors, we set the LoRA rank256

to 128 for the LLM and 4 for the vision encoder,257

while fully fine-tuning the multimodal projector to258

ensure robust cross-modal alignment. Additionally,259

the depth estimation and segmentation heads were260

implemented as lightweight modules integrated di-261

rectly into the vision encoder, minimizing archi-262

tectural complexity while facilitating geometric in-263

ternalization. Further details are provided in the264

Appendix.265

4.2 Experimental Results and Analysis266

Superior Performance and Generalization. As267

shown in Table 1, PseudoGD consistently en-268

hances spatial reasoning across diverse architec-269

tures, bridging the gap between 2D perception and270

3D cognition. Notably, SpaceThinker-Qwen2.5 +271

PseudoGD achieved the best overall accuracy of272

42.20% (+1.78%), with significant gains in Locate273

and Traffic Analysis. This confirms that internal-274

izing metric depth empowers models to perform275

precise localization and dynamic reasoning.276

Bridging Cognitive Bottlenecks. The most pro- 277

found impact is observed in Hypothetical Per- 278

spective Taking, where SpaceThinker surged from 279

31.08% to 44.58%. This dramatic gain suggests 280

the vision encoder has successfully internalized 281

3D structural information, overcoming the cogni- 282

tive bottleneck of simulating unseen viewpoints 283

without explicit 3D priors. Additionally, the univer- 284

sal improvement in the Locate metric proves that 285

PseudoGD equips models with a physical sense 286

of space, enabling reliable spatial grounding even 287

in complex environments where semantic features 288

alone are insufficient. 289

5 Conclusions 290

In this work, we addressed the limitations of cur- 291

rent VLMs in 3D spatial reasoning, which stem 292

from their reliance on 2D semantic priors. To mit- 293

igate this, we proposed PseudoGD, a framework 294

integrating Pseudo Geometric Knowledge Distilla- 295

tion with a Joint Training strategy. This approach 296

enables vision encoders to learn 3D geometric rep- 297

resentations from monocular 2D inputs, effectively 298

utilizing depth and segmentation cues without re- 299

quiring explicit 3D training data. Our evaluation on 300

the OmniSpatial benchmark demonstrates that this 301

method consistently improves spatial reasoning ca- 302

pabilities across diverse architectures. The perfor- 303

mance gains observed in Locate and Hypothetical 304

Perspective Taking indicate that the model has ef- 305

fectively internalized physical scale and structural 306

relationships. These findings suggest that explicitly 307

distilling geometric features is a valid approach for 308

enhancing the spatial understanding of VLMs. 309
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Limitations310

Although this study demonstrates that PseudoGD311

effectively enhances the spatial reasoning capabil-312

ities of VLMs by distilling geometric knowledge,313

several limitations remain.314

First, the performance of our framework is fun-315

damentally dependent on the quality of the teacher316

signals. Since we rely on Depth Pro (Bochkovskii317

et al., 2024) and SAM (Kirillov et al., 2023) to318

generate pseudo-labels for metric depth and struc-319

tural segmentation, any errors or artifacts produced320

by these models inevitably propagate to the stu-321

dent encoder. Consequently, the model may exhibit322

performance degradation in scenarios where the323

teacher models struggle, such as scenes containing324

mirrors, transparent materials, or extreme lighting325

conditions that cause visual ambiguity.326

Second, there is a limitation regarding the ap-327

proximation of 3D geometry. While our method328

successfully empowers the vision encoder to inter-329

nalize 3D cues from monocular 2D images, this330

remains an implicit approximation rather than an331

explicit measurement. Compared to approaches332

utilizing ground-truth 3D point clouds or multi-333

view geometry, our model may lack precision in334

fine-grained metric estimation for complex, heav-335

ily occluded structures. Future work is needed to336

bridge the gap between internalized 2D spatial cues337

and absolute 3D physical accuracy.338

Third, the current framework is constrained to339

static single-image inference. Although the model340

showed improvements in the Dynamic Reasoning341

track of OmniSpatial, it infers motion and temporal342

relationships based solely on static visual evidence.343

Practical robotic applications often require contin-344

uous reasoning over temporal sequences to handle345

dynamic physical interactions. Extending the Pseu-346

doGD mechanism to video-based VLMs to capture347

temporal context remains a critical direction for348

future research.349

Finally, the computational overhead during train-350

ing is non-negligible. Unlike standard instruc-351

tion tuning that relies on sparse token prediction,352

our joint training strategy involves aligning dense,353

pixel-level features from projection heads with354

teacher embeddings. This increases memory con-355

sumption and computational cost during the train-356

ing phase, presenting a challenge for scalability357

when applying this method to ultra-large-scale mul-358

timodal models.359
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Appendix A Implementation Details 581

A.1 Common Configuration 582

LoRA Configuration. We apply Low-Rank 583

Adaptation (LoRA) (Hu et al., 2022) to both the 584

language model and the vision encoder, while fully 585

fine-tuning the multimodal projector. All LoRA 586

modules use a dropout rate of 0.05. The detailed 587

configuration is summarized in Table 2. 588

Component Rank Alpha LR

LLM 128 256 2×10−5

Vision Encoder 4 8 1×10−5

MM Projector Full – 2×10−5

Table 2: LoRA configuration for all experiments. LLM
LoRA targets all attention projections and feed-forward
layers. Vision encoder LoRA targets the fused QKV
projection and output projection in each of the 32 trans-
former blocks.

Geometric Distillation Heads. To facilitate 589

geometric knowledge distillation, we attach 590

lightweight prediction heads directly to the vision 591

encoder’s output features. The depth prediction 592

head is implemented as a Multi-Layer Perceptron 593

(MLP) that linearly projects the input features to a 594

1024-dimensional hidden layer with GELU activa- 595

tion, followed by a final linear projection to a scalar 596

output. To enforce physically meaningful metric 597

constraints, we apply a scaled activation function, 598

defined as Softplus(x)× 7.0 + 0.1, ensuring posi- 599

tive depth values within the valid range of [0.1,∞) 600

meters. The resulting predictions are interpolated 601

to match the teacher’s 24× 24 resolution. 602

The segmentation head is composed of a fea- 603

ture projector and a spatial upsampling module 604

designed to reconstruct high-resolution structural 605

details. The projector utilizes an MLP (→ 2048 → 606

256) with GELU activation to compress semantic 607

features into a structural embedding space. Subse- 608

quently, these features are spatially reshaped and 609

processed by Transposed Convolution layers fol- 610

lowed by a GELU activation and a standard Convo- 611

lution layer (kernel size 3, padding 1), ultimately 612

yielding 64×64 feature maps. Both heads are opti- 613

mized with a learning rate of 1×10−3, significantly 614

higher than the base model parameters, to facilitate 615

the rapid adaptation of these randomly initialized 616

components. 617
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A.2 SpaceQwen2.5 w/ PseudoGD618

Configuration619

Base Model and Dataset. Space-620

Qwen2.5 w/ PseudoGD is built upon621

Qwen/Qwen2.5-VL-3B-Instruct. The model622

is fine-tuned using the remyxai/OpenSpaces623

dataset, a spatial reasoning benchmark containing624

approximately 10K question-answering samples.625

Each sample consists of an RGB image paired626

with a natural language question about spatial627

relationships (e.g., relative positions, distances,628

orientations) and a corresponding answer. The629

dataset covers diverse indoor and outdoor scenes630

with varying complexity levels. The dataset is631

partitioned into 9.26K training, and 1.03K test632

samples. All experiments are conducted using633

bfloat16 mixed-precision training for memory634

efficiency while maintaining numerical stability.635

Training Hyperparameters. Training employs636

a batch size of 4 with gradient accumulation steps637

of 8, yielding an effective batch size of 32. The638

maximum sequence length is set to 2048 tokens to639

accommodate both visual tokens (variable length640

due to dynamic resolution) and text tokens. We em-641

ploy the AdamW optimizer with no weight decay.642

The learning rate follows a cosine annealing sched-643

ule with 3% linear warmup. Training proceeds for644

approximately 3 epochs over the full dataset.645

Input Processing. Images are processed at their646

native resolution by Qwen2.5-VL’s dynamic reso-647

lution mechanism, preserving fine-grained spatial648

details. For teacher model inference, images are649

center-cropped and resized to 224 × 224 pixels,650

then normalized using ImageNet statistics (µ =651

[0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225])652

to ensure compatibility with the pre-trained teacher653

models.654

A.3 SpaceThinker w/ PseudoGD655

Configuration656

Base Model and Dataset. Space-657

Thinker w/ PseudoGD is based on658

UCSC-VLAA/VLAA-Thinker-Qwen2.5VL-3B,659

a variant of Qwen2.5-VL fine-tuned for explicit660

chain-of-thought reasoning. Training is per-661

formed on the remyxai/SpaceThinker dataset,662

which contains approximately 12K samples with663

structured reasoning annotations. The dataset is664

partitioned into 11.4K training, and 1.25K test665

samples. The model follows a two-stage output666

format with explicit reasoning: 667

<think>[step-by-step reasoning]</think> 668

<answer>[final answer]</answer> 669

670

This format encourages the model to externalize 671

its spatial reasoning process before providing an- 672

swers. The system prompt instructs: “You should 673

first think about the reasoning process and then 674

provide the answer. Use <think>...</think> and 675

<answer>...</answer> tags.” All experiments use 676

bfloat16 precision. 677

Training Hyperparameters. Due to the longer 678

output sequences required for explicit reasoning, 679

SpaceThinker is trained with a reduced per-GPU 680

batch size of 1 and gradient accumulation over 8 681

steps, yielding an effective batch size of 8. The 682

maximum sequence length remains 2048 tokens 683

with a warmup ratio of 3%. The model is trained 684

for 3 full epochs over the dataset. 685

A.4 SpaceLLaVA-13B w/ PseudoGD 686

Configuration 687

Base Model and Dataset. SpaceLLaVA-13B w/ 688

PseudoGD is constructed upon the LLaVA-v1.5- 689

13B architecture, utilizing CLIP ViT-L/14 as the vi- 690

sion encoder which produces 1024-dimensional vi- 691

sual features. To validate the generalizability of our 692

geometric distillation approach, the model is fine- 693

tuned on the remyxai/vqasynth_spacellava 694

dataset, comprising approximately 28K synthetic 695

spatial QA samples. The dataset is partitioned into 696

25.2K training, and 2.8K test samples. 697

Training Hyperparameters. Training employs a 698

batch size of 4 with gradient accumulation steps of 699

8, yielding an effective batch size of 32. The model 700

is trained for 1 epoch using AdamW optimizer and 701

cosine annealing schedule. Mixed precision train- 702

ing (bfloat16) is employed for memory efficiency. 703

A.5 SpaceMantis w/ PseudoGD Configuration 704

Base Model and Architecture. SpaceMantis w/ 705

PseudoGD extends the Mantis-8B-siglip-llama3 706

architecture, which integrates a SigLIP vision 707

encoder with the Llama-3-8B language model. 708

This configuration serves to evaluate the efficacy 709

of geometric distillation on a multi-image capa- 710

ble VLM framework underpinned by a distinct 711

vision backbone. The model is fine-tuned on 712

the remyxai/vqasynth_spacellava dataset. The 713

dataset is partitioned into 25.2K training, and 2.8K 714

test samples. 715

8



Training Hyperparameters. The model is716

trained with a batch size of 4 and gradient accumu-717

lation steps of 8, resulting in an effective batch size718

of 32. The optimizer is AdamW and cosine anneal-719

ing schedule is applied. Mixed precision training720

(bfloat16) is employed for memory efficiency.721

A.6 Loss Function722

The total training objective combines three comple-723

mentary loss terms as defined in Equation (2):724

Ltotal = λvqaLVQA + λdepthLdepth + λsegLseg (2)725

where LVQA is the standard cross-entropy loss for726

next-token prediction, and Ldepth, Lseg are the ge-727

ometric distillation losses described below. All728

balancing coefficients are set to λvqa = λdepth =729

λseg = 1.0 by default, ensuring equal importance730

between semantic reasoning and geometric inter-731

nalization.732

Depth Distillation Loss. We adopt a scale-733

invariant logarithmic loss, which is robust to global734

scale ambiguities and focuses on relative depth re-735

lationships:736

Ldepth =
1

n

∑
i

d2i −
1

2n2

(∑
i

di

)2

,

di = log(ŷi)− log(yi)

(3)737

Here, ŷi and yi denote the predicted and teacher738

depth values at spatial location i, respectively, and739

n is the total number of spatial locations. The740

second term penalizes systematic scale shifts, en-741

couraging the model to learn relative depth order-742

ings even when absolute scale information is noisy.743

Depth values are clamped to a minimum of 0.1 me-744

ters before taking the logarithm to ensure numerical745

stability.746

Segmentation Distillation Loss. The segmenta-747

tion distillation loss measures the alignment be-748

tween predicted and teacher feature embeddings749

using cosine similarity:750

Lseg = 1− 1

HW

∑
h,w

cos(f̂h,w, f
teacher
h,w ) (4)751

where f̂h,w, f
teacher
h,w ∈ R256 are the L2-normalized752

feature vectors at spatial position (h,w). This loss753

encourages the student to learn semantically mean-754

ingful spatial representations that capture object755

boundaries and structural patterns, without requir-756

ing explicit segmentation labels.757

A.7 Teacher Models 758

To empower the vision encoder with robust ge- 759

ometric inductive biases, we employ two com- 760

plementary foundation models as teachers. First, 761

for Metric Depth Distillation, we utilize Depth 762

Pro (Bochkovskii et al., 2024), developed by Ap- 763

ple. Unlike conventional relative depth estimators, 764

Depth Pro predicts absolute metric depth (in me- 765

ters), enabling the student model to internalize a 766

physical sense of scale. For compatibility with our 767

projection architecture, the extracted depth maps 768

are interpolated to a 24 × 24 spatial resolution. 769

Second, for Structural Segmentation Distillation, 770

we adopt the Segment Anything Model (SAM) 771

(Kirillov et al., 2023) with a ViT-Base backbone. 772

SAM provides semantic-agnostic structural embed- 773

dings that encode precise object boundaries. These 774

256-dimensional embeddings are similarly inter- 775

polated to a 64 × 64 resolution, ensuring that the 776

encoder learns to capture fine-grained structural 777

details within a standardized feature space. 778

A.8 Hardware and Software 779

All experiments are conducted on a cluster of 5× 780

NVIDIA A100 80GB PCIe GPUs. Multi-GPU 781

training is orchestrated using the Hugging Face Ac- 782

celerate library with distributed data parallelism. 783

The framework is implemented in PyTorch 2.0+, 784

leveraging the Transformers library for model load- 785

ing and the PEFT library for parameter-efficient 786

fine-tuning. 787

A.9 Ablation Study on PseudoGD Weight. 788

Table 3 presents an ablation study on the loss 789

weighting factor λ used for PseudoGD when ap- 790

plied to the SpaceMantis-8B model. The loss 791

weight λ controls the relative contribution of geo- 792

metric distillation during training, allowing us to 793

analyze how strongly enforcing geometric supervi- 794

sion affects different categories of spatial reason- 795

ing. 796

Overall, increasing the PseudoGD weight (λ) 797

consistently improves the aggregate performance, 798

with the best overall accuracy achieved at λ = 1.0. 799

This trend suggests that stronger geometric distil- 800

lation provides more stable and globally beneficial 801

supervision for spatial reasoning tasks. In partic- 802

ular, tasks under Spatial Interaction and Complex 803

Logic, such as Traffic, Geospatial Strategy, and 804

Pattern Recognition, show noticeable gains as the 805

weight increases, indicating that these tasks benefit 806
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Method Overall
Dynamic Reasoning Spatial Interaction Complex Logic Perspective Taking

Manipulate Motion Traffic Locate Geospatial
Strategy

Pattern
Recog.

Geometric
Reasoning Ego Allo Hypo.

SpaceMantis-8B 36.01 52.70 35.55 36.47 34.29 33.64 35.05 21.94 52.94 36.44 32.53
+ PseudoGD (λ=0.1) 36.73 55.41 32.95 36.47 35.24 33.64 28.87 23.87 56.86 40.43 33.73
+ PseudoGD (λ=0.5) 36.96 55.41 33.53 38.82 35.24 35.45 31.96 23.23 54.90 39.36 38.55
+ PseudoGD (λ=1.0) 37.18 54.05 33.24 42.35 35.24 36.36 34.02 21.94 51.96 38.83 43.37

Table 3: OmniSpatial benchmark results (%) for SpaceMantis variants with different PseudoGD lambdas. λ contains
only λdepth and λseg, and the same hyperparameter values were set for both lambdas. λvqa was always fixed at 1.

from explicit geometric constraints and relational807

structure.808

In contrast, lower PseudoGD weights (e.g., λ =809

0.1) tend to favor Perspective Taking subtasks, espe-810

cially Egocentric and Allocentric reasoning. This811

behavior suggests that weaker geometric regular-812

ization allows the model to rely more on implicit813

visual cues and viewpoint-dependent reasoning,814

rather than enforcing rigid geometric consistency.815

However, this comes at the cost of degraded per-816

formance on geometry-intensive subtasks, such as817

Pattern Recognition.818

The intermediate setting (λ = 0.5) exhibits a bal-819

anced trade-off between these two regimes, achiev-820

ing moderate improvements across most task cate-821

gories without strongly biasing the model toward822

either perspective-centric or geometry-centric rea-823

soning. These results indicate that the PseudoGD824

weight serves as an effective control knob for bal-825

ancing geometric consistency and viewpoint flexi-826

bility in multi-modal spatial reasoning models.827
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