
Findings of the Association for Computational Linguistics: ACL 2026, pages 30804–30814
July 2-7, 2026 ©2026 Association for Computational Linguistics

PseudoGD: Enhancing Spatial Reasoning in Vision-Language Models
through Pseudo Geometric Knowledge Distillation

Gwanghee Lee* Yeeun Choi* Kyoungson Jhang
Chungnam National University

{manggu251, ye20039}@o.cnu.ac.kr, sun@cnu.ac.kr

Abstract

Recent Large Vision-Language Models
(LVLMs) have shown remarkable success in
general semantic understanding. However,
they still struggle with 3D spatial reasoning
tasks, such as estimating metric distances
or understanding precise relative positions.
Previous works, like SpatialVLM, tried to
address this by using synthesized spatial VQA
dataset. However, they are fundamentally
limited because their vision encoders are
biased toward 2D patterns learned from
image-text pairs. In this paper, we argue
that this lack of 3D awareness is a critical
bottleneck that cannot be solved by data
scaling alone. To address this, we propose
Pseudo Geometric Distillation (PseudoGD), a
framework designed to help vision encoders
internalize 3D geometric information using
only standard 2D images. PseudoGD explicitly
injects metric scale and structural context
into the encoder through a Joint Training
strategy. This approach optimizes geometric
learning and spatial VQA tasks together,
ensuring that the Large Language Model
(LLM) aligns well with the improved visual
features in real-time. Extensive experiments on
the OmniSpatial benchmark demonstrate that
PseudoGD achieves enhanced performance
across various model architectures. Notably,
significant improvements in Hypothetical
Perspective Taking and Locate tasks prove that
our model has effectively learned a physical
sense of space.

1 Introduction

The scope of Vision-Language Models (VLMs)
now extends beyond basic tasks like image caption-
ing and VQA to Embodied and Physical AI, where
agents interact with the real world (Radford et al.,
2021; Alayrac et al., 2022; Driess et al., 2023; Li
et al., 2022; Goyal et al., 2017; Zitkovich et al.,

*Equal contribution.

2023; Hudson and Manning, 2019). Robust spatial
understanding, such as accurate perception of the
locations, distances, and scales of objects, is essen-
tial for these systems (Chen et al., 2024; Wang et al.,
2024; Yu et al., 2025). However, spatial reasoning
remains a persistent bottleneck for current VLMs,
limiting their effectiveness in tasks that require pre-
cise geometric and structural understanding (Lin
et al., 2024; Liu et al., 2024; Kamath et al., 2023;
Majumdar et al., 2024; Nikolov et al., 2025; Song
et al., 2025).

To address this, SpatialVLM (Chen et al., 2024)
improved spatial understanding by using large syn-
thetic Spatial VQA datasets without explicit 3D
training. Following this trajectory, subsequent
studies have explored various avenues to increase
spatial awareness. Based on this, OmniSpatial
(Mengdi Jia et al., 2025) introduced a spatial rea-
soning benchmark grounded in cognitive psychol-
ogy, VLM-3R (Fan et al., 2025) used 3D recon-
struction, and SpatialRGPT (Cheng et al., 2024) im-
proved spatial reasoning with region-based prompt-
ing.

Despite these advances, vision encoders of most
VLMs are trained on 2D image-text pairs, limiting
their ability to comprehend 3D spatial structures.
To bridge this gap, we introduce Pseudo Geomet-
ric Knowledge Distillation (PseudoGD). This ap-
proach empowers vision encoders to internalize 3D
geometric cues from monocular inputs by leverag-
ing depth and segmentation models as "Teachers,"
effectively mitigating the inherent 2D bias. Un-
like previous works (Huang et al., 2023; Li et al.,
2025; Hong et al., 2023) that depend on 3D point
clouds or multi-view data, our approach ensures
high scalability and generalization performance
through Pseudo knowledge distillation using only
2D images.
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2 Related Works

Early VLM research primarily focused on visual
grounding, establishing correspondences between
visual objects and textual descriptions (Mao et al.,
2016; Nagaraja et al., 2016; Yu et al., 2016). While
datasets such as Visual Genome (Krishna et al.,
2017) contributed to training 2D positional infor-
mation at the bounding box level, they remained
limited to planar recognition, excluding depth and
3D structural contexts. However, the advancement
of Embodied AI and robotics has necessitated that
VLMs possess 3D spatial understanding capabili-
ties, such as metric distance estimation and relative
spatial relations, beyond simple localization (Zhu
et al., 2024; Sun et al., 2025).

The most dominant trend involves solutions
through datasets synthesis. SpatialVLM (Chen
et al., 2024) demonstrated that quantitative data ex-
pansion can enhance qualitative reasoning by con-
structing a massive VQA dataset that synthesizes
3D geometric information onto internet-scale 2D
images. Similarly, RoboSpatial (Song et al., 2025)
combined 3D scan data from robotics environments
with 2D images to train the spatial awareness re-
quired for robotic manipulation. Meanwhile, Spa-
tialRGPT (Cheng et al., 2024) and SR-3D (Cheng
et al., 2025) were proposed to improve inference
without modifying the model architecture. These
methods enhance spatial reasoning performance by
using region-based prompting to guide the model’s
focus toward specific pixel areas. However, these
studies share a common limitation: they rely on
pre-trained encoders (e.g., CLIP (Radford et al.,
2021)) fundamentally biased toward 2D semantic
matching. Since adjustments at the text or prompt
level do not fundamentally alter the encoder’s in-
ternal representations, reasoning in the absence of
3D structural information remains superficial (Hu
et al., 2025; Qin et al., 2025).

Recently, model-centric approaches have
emerged to geometrically tune vision encoders
(Radford et al., 2021; Oquab et al., 2023; Doso-
vitskiy, 2020) themselves. VLM-3R (Fan et al.,
2025) introduced an auxiliary module for 3D
reconstruction from monocular video to assist
visual perception, while 3D VLM-GD (Lee et al.,
2025) proposed a geometric knowledge distillation
method that extracts geometric cues from 3D
foundation models and injects them into the
vision encoder. Although 3D VLM-GD (Lee
et al., 2025) aligns with our technical trajectory,

it faces a decisive constraint stemming from its
strict dependency on fine-tuning with specific
datasets paired with multi-view images or 3D
point clouds. The construction of such datasets
necessitates specialized capture equipment and
strictly controlled environments. This dependency
imposes a critical bottleneck on data scalability,
fundamentally contradicting the philosophy
of data abundance advocated by prior works
like SpatialVLM. Consequently, it structurally
precludes the utilization of vast web-scale 2D data,
thereby isolating the model from the rich, diverse
visual distributions required for universal spatial
reasoning.

3 Methodology

We introduce PseudoGD, a framework designed to
empower vision encoders to internalize 3D geomet-
ric reasoning directly from monocular 2D inputs.
In this section, we define the fundamental cogni-
tive bottlenecks inherent in existing VLM training
paradigms and detail how our Pseudo Geometric
Distillation and Joint Training strategies effectively
bridge this gap.

3.1 Pseudo Geometric Knowledge Distillation
(PseudoGD)

As illustrated in Figure 1, the core principle of
this technique is to transfer the geometric reason-
ing capabilities of two teacher models, which are
Depth Pro (Bochkovskii et al., 2024) and Segment
Anything Model (SAM) (Kirillov et al., 2023; Ravi
et al., 2024; Carion et al., 2025), to the vision en-
coder without requiring explicit 3D ground-truth
data. By leveraging the knowledge distillation,
this method enables the encoder to internalize spa-
tial cues that are often absent in standard vision-
language pre-training.

We integrate two complementary geometric
properties to enrich visual representations. First,
we employ Depth Pro as the Metric Depth Teacher
to inject precise metric scale information. Unlike
relative depth estimation, Depth Pro accounts for
focal length and physical dimensions, providing
the encoder with a physical sense of scale essen-
tial for quantitative reasoning (e.g., "5-meter dis-
tance"). Second, we utilize SAM as the Structural
Segmentation Teacher to instill structural context.
By encapsulating sophisticated object boundaries
and part-whole relationships, SAM embeddings
enhance the encoder’s perception of complex spa-
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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 relative
positioning.

Through lightweight projection heads, we map
the student encoder’s features into the teachers’
respective spaces. The distillation objective com-
bines metric depth error and structural similarity
loss, ensuring the model is not confined by the bi-
ases of specific 3D datasets. This facilitates the
learning of universal geometric features, thereby
securing a robust generalized capacity for compre-
hensive 3D spatial understanding.

3.2 Joint Training Strategy
Sequential training, where an encoder is pre-trained
on geometric tasks before being connected to an
LLM, often leads to catastrophic forgetting of
semantic knowledge and feature misalignment,
where the LLM fails to adapt to the shifted visual
distribution. To circumvent these issues, we adopt
a Joint Training strategy that co-optimizes geomet-
ric distillation and spatial VQA objectives within a
unified loop. Formally, the total objective function
is defined as Equation (1).

LTotal = λVQALVQA + λDepthLDepth + λSegLSeg
(1)

Where LVQA denotes the autoregressive lan-
guage modeling loss, while LDepth and LSeg repre-
sent the distillation losses derived from the Metric
Depth and Structural Segmentation teachers, re-
spectively. In our default setting, we set λVQA =
λDepth = λSeg = 1.0.

This integrated optimization process enables the
vision encoder to acquire geometric inductive bi-
ases while simultaneously allowing the LLM to
learn, in real-time, how to interpret these evolv-
ing representations. Consequently, PseudoGD
achieves the capability to immediately leverage
visual depth and structural cues for linguistic rea-
soning, ensuring a seamless alignment between
visual perception and language generation.

4 Experiments

4.1 Experimental Setup

Datasets. For training, we utilize the VQASynth
dataset collection for SpaceLLaVA, SpaceQwen,
and SpaceThinker (Chen et al., 2024), which is
publicly available on Hugging Face, to establish
a baseline of fundamental spatial comprehension.
In the evaluation phase, we adopt the OmniSpatial
benchmark (Mengdi Jia et al., 2025) as the held-out
test set to rigorously validate comprehensive spatial
intelligence across diverse cognitive domains.

Evaluations. We conduct a comparative evalua-
tion against four representative VLMs that demon-
strate strengths in spatial perception or general
multimodal capabilities, specifically SpaceLLaVA
(Chen et al., 2024; Liu et al., 2023), SpaceMan-
tis (Chen et al., 2024), SpaceQwen2.5-VL, and
SpaceThinker-Qwen2.5(Bai et al., 2023; Yang
et al., 2025; Bai et al., 2025; Chen et al., 2024).
These models represent the state-of-the-art in
spatial interaction and general visual reasoning,
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Method Overall
Dynamic Reasoning Spatial Interaction Complex Logic Perspective Taking

Manipulate Motion
Analysis

Traffic
Analysis Locate Geospatial

Strategy
Pattern

Recognition
Geometric
Reasoning

Ego
Centric

Allo
Centric Hypothetical

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).

thereby providing a rigorous standard.
To rigorously evaluate comprehensive spatial

reasoning capabilities, we utilize the OmniSpatial
evaluation set (Mengdi Jia et al., 2025) as our pri-
mary benchmark. We measure model performance
across the four core dimensions defined by the
benchmark: Dynamic Reasoning, Complex Spatial
Logic, Spatial Interaction, and Perspective-Taking.

Implementation Details. To ensure a rigorous
comparative analysis, we trained all models using
the identical base architectures and datasets as their
respective baselines, with the inclusion of Pseu-
doGD being the sole experimental variable. All
models were fine-tuned using LoRA (Hu et al.,
2022). To balance reasoning capacity with the
preservation of visual priors, we set the LoRA rank
to 128 for the LLM and 4 for the vision encoder,
while fully fine-tuning the multimodal projector to
ensure robust cross-modal alignment. Additionally,
the depth estimation and segmentation heads were
implemented as lightweight modules integrated di-
rectly into the vision encoder, minimizing archi-
tectural complexity while facilitating geometric in-
ternalization. Further details are provided in the
Appendix.

4.2 Experimental Results and Analysis

Superior Performance and Generalization. As
shown in Table 1, PseudoGD consistently en-
hances spatial reasoning across diverse architec-
tures, bridging the gap between 2D perception and
3D cognition. Notably, SpaceThinker-Qwen2.5 +
PseudoGD achieved the best overall accuracy of
42.20% (+1.78%p), with significant gains in Locate
and Traffic Analysis. This confirms that internal-
izing metric depth empowers models to perform
precise localization and dynamic reasoning.

Bridging Cognitive Bottlenecks. The most pro-
found impact is observed in Hypothetical Per-
spective Taking, where SpaceThinker surged from
31.08% to 44.58%. This dramatic gain suggests
the vision encoder has successfully internalized
3D structural information, overcoming the cogni-
tive bottleneck of simulating unseen viewpoints
without explicit 3D priors. Additionally, the univer-
sal improvement in the Locate metric proves that
PseudoGD equips models with a physical sense
of space, enabling reliable spatial grounding even
in complex environments where semantic features
alone are insufficient.

5 Conclusions

In this work, we addressed the limitations of cur-
rent VLMs in 3D spatial reasoning, which stem
from their reliance on 2D semantic priors. To mit-
igate this, we proposed PseudoGD, a framework
integrating Pseudo Geometric Knowledge Distilla-
tion with a Joint Training strategy. This approach
enables vision encoders to learn 3D geometric rep-
resentations from monocular 2D inputs, effectively
utilizing depth and segmentation cues without re-
quiring explicit 3D training data. Our evaluation on
the OmniSpatial benchmark demonstrates that this
method consistently improves spatial reasoning ca-
pabilities across diverse architectures. The perfor-
mance gains observed in Locate and Hypothetical
Perspective Taking indicate that the model has ef-
fectively internalized physical scale and structural
relationships. These findings suggest that explicitly
distilling geometric features is a valid approach for
enhancing the spatial understanding of VLMs.

Limitations

Although this study demonstrates that PseudoGD
effectively enhances the spatial reasoning capabil-
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ities of VLMs by distilling geometric knowledge,
several limitations remain.

First, the performance of our framework is fun-
damentally dependent on the quality of the teacher
signals. Since we rely on Depth Pro (Bochkovskii
et al., 2024) and SAM (Kirillov et al., 2023) to
generate pseudo-labels for metric depth and struc-
tural segmentation, any errors or artifacts produced
by these models inevitably propagate to the stu-
dent encoder. Consequently, the model may exhibit
performance degradation in scenarios where the
teacher models struggle, such as scenes containing
mirrors, transparent materials, or extreme lighting
conditions that cause visual ambiguity.

Second, there is a limitation regarding the ap-
proximation of 3D geometry. While our method
successfully empowers the vision encoder to inter-
nalize 3D cues from monocular 2D images, this
remains an implicit approximation rather than an
explicit measurement. Compared to approaches
utilizing ground-truth 3D point clouds or multi-
view geometry, our model may lack precision in
fine-grained metric estimation for complex, heav-
ily occluded structures. Future work is needed to
bridge the gap between internalized 2D spatial cues
and absolute 3D physical accuracy.

Third, the current framework is constrained to
static single-image inference. Although the model
showed improvements in the Dynamic Reasoning
track of OmniSpatial, it infers motion and temporal
relationships based solely on static visual evidence.
Practical robotic applications often require contin-
uous reasoning over temporal sequences to handle
dynamic physical interactions. Extending the Pseu-
doGD mechanism to video-based VLMs to capture
temporal context remains a critical direction for
future research.

Finally, the computational overhead during train-
ing is non-negligible. Unlike standard instruc-
tion tuning that relies on sparse token prediction,
our joint training strategy involves aligning dense,
pixel-level features from projection heads with
teacher embeddings. This increases memory con-
sumption and computational cost during the train-
ing phase, presenting a challenge for scalability
when applying this method to ultra-large-scale mul-
timodal models.
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Appendix A Implementation Details

A.1 Common Configuration

LoRA Configuration. We apply Low-Rank
Adaptation (LoRA) (Hu et al., 2022) to both the
language model and the vision encoder, while fully
fine-tuning the multimodal projector. All LoRA
modules use a dropout rate of 0.05. The detailed
configuration is summarized in Table 2.

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
geometric knowledge distillation, we attach
lightweight prediction heads directly to the vision
encoder’s output features. The depth prediction
head is implemented as a Multi-Layer Perceptron
(MLP) that linearly projects the input features to a
1024-dimensional hidden layer with GELU activa-
tion, followed by a final linear projection to a scalar
output. To enforce physically meaningful metric
constraints, we apply a scaled activation function,
defined as Softplus(x)× 7.0 + 0.1, ensuring posi-
tive depth values within the valid range of [0.1,∞)
meters. The resulting predictions are interpolated
to match the teacher’s 24× 24 resolution.

The segmentation head is composed of a fea-
ture projector and a spatial upsampling module
designed to reconstruct high-resolution structural
details. The projector utilizes an MLP (→ 2048 →
256) with GELU activation to compress semantic
features into a structural embedding space. Subse-
quently, these features are spatially reshaped and
processed by Transposed Convolution layers fol-
lowed by a GELU activation and a standard Convo-
lution layer (kernel size 3, padding 1), ultimately
yielding 64×64 feature maps. Both heads are opti-
mized with a learning rate of 1×10−3, significantly
higher than the base model parameters, to facilitate
the rapid adaptation of these randomly initialized
components.
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A.2 SpaceQwen2.5 w/ PseudoGD
Configuration

Base Model and Dataset. Space-
Qwen2.5 w/ PseudoGD is built upon
Qwen/Qwen2.5-VL-3B-Instruct. The model
is fine-tuned using the remyxai/OpenSpaces
dataset, a spatial reasoning benchmark containing
approximately 10K question-answering samples.
Each sample consists of an RGB image paired
with a natural language question about spatial
relationships (e.g., relative positions, distances,
orientations) and a corresponding answer. The
dataset covers diverse indoor and outdoor scenes
with varying complexity levels. The dataset is
partitioned into 9.26K training, and 1.03K test
samples. All experiments are conducted using
bfloat16 mixed-precision training for memory
efficiency while maintaining numerical stability.

Training Hyperparameters. Training employs
a batch size of 4 with gradient accumulation steps
of 8, yielding an effective batch size of 32. The
maximum sequence length is set to 2048 tokens to
accommodate both visual tokens (variable length
due to dynamic resolution) and text tokens. We em-
ploy the AdamW optimizer with no weight decay.
The learning rate follows a cosine annealing sched-
ule with 3% linear warmup. Training proceeds for
approximately 3 epochs over the full dataset.

Input Processing. Images are processed at their
native resolution by Qwen2.5-VL’s dynamic reso-
lution mechanism, preserving fine-grained spatial
details. For teacher model inference, images are
center-cropped and resized to 224 × 224 pixels,
then normalized using ImageNet statistics (µ =
[0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225])
to ensure compatibility with the pre-trained teacher
models.

A.3 SpaceThinker w/ PseudoGD
Configuration

Base Model and Dataset. Space-
Thinker w/ PseudoGD is based on
UCSC-VLAA/VLAA-Thinker-Qwen2.5VL-3B,
a variant of Qwen2.5-VL fine-tuned for explicit
chain-of-thought reasoning. Training is per-
formed on the remyxai/SpaceThinker dataset,
which contains approximately 12K samples with
structured reasoning annotations. The dataset is
partitioned into 11.4K training, and 1.25K test
samples. The model follows a two-stage output

format with explicit reasoning:
<think>[step-by-step reasoning]</think>
<answer>[final answer]</answer>

This format encourages the model to externalize
its spatial reasoning process before providing an-
swers. The system prompt instructs: “You should
first think about the reasoning process and then
provide the answer. Use <think>...</think> and
<answer>...</answer> tags.” All experiments use
bfloat16 precision.

Training Hyperparameters. Due to the longer
output sequences required for explicit reasoning,
SpaceThinker is trained with a reduced per-GPU
batch size of 1 and gradient accumulation over 8
steps, yielding an effective batch size of 8. The
maximum sequence length remains 2048 tokens
with a warmup ratio of 3%. The model is trained
for 3 full epochs over the dataset.

A.4 SpaceLLaVA-13B w/ PseudoGD
Configuration

Base Model and Dataset. SpaceLLaVA-13B w/
PseudoGD is constructed upon the LLaVA-v1.5-
13B architecture, utilizing CLIP ViT-L/14 as the vi-
sion encoder which produces 1024-dimensional vi-
sual features. To validate the generalizability of our
geometric distillation approach, the model is fine-
tuned on the remyxai/vqasynth_spacellava
dataset, comprising approximately 28K synthetic
spatial QA samples. The dataset is partitioned into
25.2K training, and 2.8K test samples.

Training Hyperparameters. Training employs a
batch size of 4 with gradient accumulation steps of
8, yielding an effective batch size of 32. The model
is trained for 1 epoch using AdamW optimizer and
cosine annealing schedule. Mixed precision train-
ing (bfloat16) is employed for memory efficiency.

A.5 SpaceMantis w/ PseudoGD Configuration
Base Model and Architecture. SpaceMantis w/
PseudoGD extends the Mantis-8B-siglip-llama3
architecture, which integrates a SigLIP vision
encoder with the Llama-3-8B language model.
This configuration serves to evaluate the efficacy
of geometric distillation on a multi-image capa-
ble VLM framework underpinned by a distinct
vision backbone. The model is fine-tuned on
the remyxai/vqasynth_spacellava dataset. The
dataset is partitioned into 25.2K training, and 2.8K
test samples.
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Training Hyperparameters. The model is
trained with a batch size of 4 and gradient accumu-
lation steps of 8, resulting in an effective batch size
of 32. The optimizer is AdamW and cosine anneal-
ing schedule is applied. Mixed precision training
(bfloat16) is employed for memory efficiency.

A.6 Loss Function
The total training objective combines three comple-
mentary loss terms as defined in Equation (2):

Ltotal = λvqaLVQA + λdepthLdepth + λsegLseg (2)

where LVQA is the standard cross-entropy loss for
next-token prediction, and Ldepth, Lseg are the ge-
ometric distillation losses described below. All
balancing coefficients are set to λvqa = λdepth =
λseg = 1.0 by default, ensuring equal importance
between semantic reasoning and geometric inter-
nalization.

Depth Distillation Loss. We adopt a scale-
invariant logarithmic loss, which is robust to global
scale ambiguities and focuses on relative depth re-
lationships:

Ldepth =
1

n

∑

i

d2i −
1

2n2

(∑

i

di

)2

,

di = log(ŷi)− log(yi)

(3)

Here, ŷi and yi denote the predicted and teacher
depth values at spatial location i, respectively, and
n is the total number of spatial locations. The
second term penalizes systematic scale shifts, en-
couraging the model to learn relative depth order-
ings even when absolute scale information is noisy.
Depth values are clamped to a minimum of 0.1 me-
ters before taking the logarithm to ensure numerical
stability.

Segmentation Distillation Loss. The segmenta-
tion distillation loss measures the alignment be-
tween predicted and teacher feature embeddings
using cosine similarity:

Lseg = 1− 1

HW

∑

h,w

cos(f̂h,w, f
teacher
h,w ) (4)

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

feature vectors at spatial position (h,w). This loss
encourages the student to learn semantically mean-
ingful spatial representations that capture object
boundaries and structural patterns, without requir-
ing explicit segmentation labels.

A.7 Teacher Models

To empower the vision encoder with robust ge-
ometric inductive biases, we employ two com-
plementary foundation models as teachers. First,
for Metric Depth Distillation, we utilize Depth
Pro (Bochkovskii et al., 2024), developed by Ap-
ple. Unlike conventional relative depth estimators,
Depth Pro predicts absolute metric depth (in me-
ters), enabling the student model to internalize a
physical sense of scale. For compatibility with our
projection architecture, the extracted depth maps
are interpolated to a 24 × 24 spatial resolution.
Second, for Structural Segmentation Distillation,
we adopt the Segment Anything Model (SAM)
(Kirillov et al., 2023) with a ViT-Base backbone.
SAM provides semantic-agnostic structural embed-
dings that encode precise object boundaries. These
256-dimensional embeddings are similarly inter-
polated to a 64 × 64 resolution, ensuring that the
encoder learns to capture fine-grained structural
details within a standardized feature space.

A.8 Hardware and Software

All experiments are conducted on a cluster of 5×
NVIDIA A100 80GB PCIe GPUs. Multi-GPU
training is orchestrated using the Hugging Face Ac-
celerate library with distributed data parallelism.
The framework is implemented in PyTorch 2.0+,
leveraging the Transformers library for model load-
ing and the PEFT library for parameter-efficient
fine-tuning.

A.9 Ablation Study on PseudoGD Weight.

Table 3 presents an ablation study on the loss
weighting factor λ used for PseudoGD when ap-
plied to the SpaceMantis-8B model. The loss
weight λ controls the relative contribution of geo-
metric distillation during training, allowing us to
analyze how strongly enforcing geometric supervi-
sion affects different categories of spatial reason-
ing.

Overall, varying the PseudoGD weight (λ) re-
veals that different spatial reasoning dimensions re-
spond differently to geometric supervision. While
moderate to strong geometric distillation gener-
ally improves aggregate performance, the optimal
setting is not uniform across tasks. In particular,
tasks requiring high-precision physical constraints,
such as Motion Analysis and Geometric Reason-
ing, show stronger sensitivity to larger λ values,
suggesting that these domains benefit more from
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Method Overall
Dynamic Reasoning Spatial Interaction Complex Logic Perspective Taking

Manipulate Motion
Analysis

Traffic
Analysis Locate Geospatial

Strategy
Pattern

Recognition
Geometric
Reasoning

Ego
Centric

Allo
Centric

Hypo-
thetical

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
+ PseudoGD (λ=1.5) 36.53 58.11 32.95 43.53 28.57 36.36 29.90 23.23 52.94 39.36 34.94
+ PseudoGD (λ=2.5) 35.75 47.30 39.31 37.65 22.86 33.64 25.77 26.45 51.96 35.90 36.14
+ PseudoGD (λ=5.0) 35.49 51.35 34.68 41.18 24.76 37.27 29.90 21.29 51.96 36.17 39.76

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.

λdepth λseg Overall Dynamic Reasoning Spatial Interaction Complex Logic Perspective Taking

Manipulate Motion
Analysis

Traffic
Analysis Locate Geospatial

Strategy
Pattern

Recognition
Geometric
Reasoning

Ego
Centric

Allo
Centric Hypothetical

- - 36.01 52.70 35.55 36.47 34.29 33.64 35.05 21.94 52.94 36.44 32.53
✓ - 36.07 51.35 34.68 38.82 30.48 36.36 32.99 24.52 54.90 35.11 38.55
- ✓ 35.88 55.41 35.84 37.65 31.43 29.09 30.93 23.23 49.02 37.77 36.14
✓ ✓ 37.18 54.05 33.24 42.35 35.24 36.36 34.02 21.94 51.96 38.83 43.37

Table 4: Ablation results (%) for SpaceMantis under different geometric distillation weights. The baseline (no
distillation) represents VQA-only training without geometric supervision. Full distillation (λ = 1.0) yields the best
overall performance.

intensified geometric supervision.
By contrast, broader reasoning tasks such as Lo-

cate and Allocentric reasoning achieve more stable
performance under moderate settings, indicating a
trade-off between geometric precision and seman-
tic flexibility. This pattern suggests that the optimal
point for global spatial awareness is not defined by
a single monotonic trend, but by a balance across
diverse reasoning skills.

Among all tested settings, λ = 1.0 achieves
the highest overall accuracy and thus serves as the
default configuration in our experiments. This re-
sult indicates that λ = 1.0 provides a robust global
equilibrium, harmonizing fine-grained physical per-
ception with the semantic flexibility required for
general-purpose spatial VLMs. At the same time,
the full sweep shows that the strength of geomet-
ric distillation can be further tuned to emphasize
specific spatial sub-domains.

A.10 Ablation Study on Dual-Teacher
Distillation.

Table 4 analyzes the individual and combined ef-
fects of the two geometric teachers. The results
show that the two teachers contribute differently
to spatial reasoning. Depth distillation primarily
improves tasks related to spatial interaction and
perspective understanding, as shown by gains in
Traffic (38.82%) and Hypothetical Perspective Tak-

Model BLINK Acc. (%)

SpaceLLaVA-13B 37.28
+ PseudoGD 37.34

SpaceMantis-8B 45.43
+ PseudoGD 45.38

Table 5: Evaluation on the BLINK benchmark. Pseu-
doGD maintains general visual perception performance
while improving spatial reasoning.

ing (38.55%). In contrast, segmentation distil-
lation is more beneficial for dynamic reasoning,
achieving the strongest improvement in Manipu-
late (55.41%).

When both teachers are used together, the model
achieves the best overall accuracy (37.18%) and
the strongest performance on more complex tasks
such as Hypothetical Perspective Taking (43.37%).
These results indicate that metric scale and struc-
tural context provide complementary supervisory
signals, and that the dual-teacher design is impor-
tant for learning holistic spatial reasoning rather
than improving only a single aspect of geometric
understanding.
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A.11 Generalization to Visual Perception.
To evaluate whether PseudoGD affects general
vision-language understanding, we conduct experi-
ments on the BLINK benchmark (Fu et al., 2024),
which measures visual perception across 14 di-
verse tasks while minimizing language priors. This
makes BLINK a stringent test for potential interfer-
ence caused by vision-encoder enhancement.

We evaluate SpaceLLaVA-13B and
SpaceMantis-8B, which are representative
spatial VLM backbones. As shown in Table 5,
PseudoGD maintains nearly identical performance
to the baseline models, with only marginal
differences (+0.06%p for SpaceLLaVA-13B
and -0.05%p for SpaceMantis-8B). These re-
sults indicate that PseudoGD improves spatial
reasoning without materially degrading general
vision-language capabilities.
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