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Figure 1: Geometric Distillation enhances 3D spatial reasoning in vision-language models. By distilling
geometric cues such as correspondences, relative depth, and cost alignment from 3D foundation models, our method
improves 3D visual understanding and enables accurate reasoning in tasks like answering which object is closer.

Abstract

Vision-Language Models (VLMs) have shown
remarkable performance on diverse visual and
linguistic tasks, yet they remain fundamen-
tally limited in their understanding of 3D spa-
tial structures. We propose Geometric Dis-
tillation, a lightweight, annotation-free fine-
tuning framework that injects human-inspired
geometric cues into pretrained VLMs with-
out modifying their architecture. By distill-
ing (1) sparse correspondences, (2) relative
depth relations, and (3) dense cost volumes
from off-the-shelf 3D foundation models (e.g.,
MASt3R, VGGT), our method shapes repre-
sentations to be geometry-aware while remain-
ing compatible with natural image—text inputs.
Through extensive evaluations on 3D vision-
language reasoning and 3D perception bench-
marks, our method consistently outperforms
prior approaches, achieving improved 3D spa-
tial reasoning with significantly lower compu-
tational cost. Our work demonstrates a scalable
and efficient path to bridge 2D-trained VLMs
with 3D understanding, opening up wider use
in spatially grounded multimodal tasks.
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1 Introduction

Vision-Language Models (VLMs) (e.g., CLIP (Rad-
ford et al., 2021), ALIGN (Jia et al., 2021), and
BLIP (Li et al., 2022, 2023)), trained on large-scale
image-text datasets, have demonstrated competitive
performance on diverse multimodal tasks (Li et al.,
2021; Gao et al., 2024; Lee et al., 2022). Despite
their progress, these models struggle with under-
standing 3D spatial structures (El Banani et al.,
2024; Man et al., 2024; Chen et al., 2024; Danier
etal., 2024; Li et al., 2024; Kamath et al., 2023; Qiu
et al., 2025). Specifically, VLMSs remain limited in
grounded spatial reasoning tasks such as depth or-
dering, occlusion, or object layout in a scene (El Ba-
nani et al., 2024; Chen et al., 2024; Kamath et al.,
2023). This limitation stems from their reliance on
2D projections, which lack depth cues and multi-
view supervision (Eigen et al., 2014; Tulsiani et al.,
2017; Qin et al., 2019). It is illustrated in Figure 1,
where features of standard VLMs like CLIP incor-
rectly predict relative depth due to their limited
3D awareness. These shortcomings greatly hinder
applications requiring spatial reasoning, including
navigation, scene understanding, and robotic plan-
ning (Peng et al., 2023; Shridhar et al., 2022; Hong
et al., 2023).
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Figure 2: Geometric cues and PCA visualization of feature transformation through geometric distillation.

To address this, recent work has explored in-
jecting 3D priors into VLMs. FiT3D (Yue et al.,
2024) reconstructs 3D scenes from multi-view im-
ages using Gaussian splatting (Kerbl et al., 2023),
and then aligns VLM’s features with those ren-
dered 3D views. Multiview Equivariant Finetuning
(MEF) (You et al., 2024) improves 3D equivari-
ance by reinforcing feature consistency across ren-
dered views of the same object. Spatial VLM (Chen
et al., 2024) improves its spatial reasoning abilities
by generating billions of synthetic spatial ques-
tion—answer pairs to train VLMs.

Despite these advancements, existing methods
suffer from notable drawbacks. FiT3D incurs
a high computational cost and suffers from se-
mantic degradation due to its reliance on explicit
3D reconstruction. MEF depends on 3D object-
centric datasets, which restricts its generalizability
to real-world scenes. Spatial VLM requires exten-
sive synthetic data generation and task-specific tun-
ing, making it resource-intensive and less flexible.
These limitations motivate the need for more effi-
cient and generalizable approaches to endow VLMs
with robust 3D awareness.

We propose Geometric Distillation, a
lightweight and glanannotation-free fine-tuning
framework that enriches 3D spatial understanding
in VLMs. Our approach introduces supervision
signals aligned with human perceptual strategies,
derived from pretrained 3D foundation mod-
els such as MASt3R (Leroy et al., 2024) and
VGGT (Wang et al., 2025) as in Figure 2 (a) - (d).
First, we supervise the VLM to align features at
sparse correspondences that are visually stable
and semantically meaningful regions, such as
object corners or room boundaries, derived from
pretrained 3D foundation models without any
explicit 3D annotations. These locations provide
strong geometric anchors across views, and feature-
level matching at these points encourages the
model to learn consistent and viewpoint-invariant
representations. Second, we supervise relative

depth reasoning through ordinal comparisons
both within and across views. This reflects the
human tendency to reason in relative terms and
aligns with the way spatial relationships are
expressed in language (Zhang et al., 2022b; Auty
and Mikolajczyk, 2023). Lastly, we incorporate
dense cost volume alignment, which captures
soft correspondences across views by fully
exploiting the geometric priors and warping
relationships (Weinzaepfel et al., 2022; An et al.,
2024) provided by 3D foundation models, thereby
enabling the model to learn fine-grained geometric
consistency. These signals collectively reshape the
visual representations into a geometry-aware space
that better supports grounded spatial reasoning
and improves VLM performance on 3D-aware
tasks as shown in Figure 2 (e), (f). Additionally,
since our approach operates without modifying the
VLM’s architecture and retains compatibility with
natural image-text inputs, it preserves the strong
generalization capabilities of the original model.

To overcome these limitations, we draw inspira-
tion from human 3D spatial perception. Humans
infer depth and structure from sparse relational
cues such as occlusions, relative size, and per-
spective, rather than absolute measurements (Todd
and Norman, 2003; Howard and Rogers, 1995;
Landy et al., 1995). In addition, spatial relation-
ships are often expressed in language using relative
terms (e.g., “next to the table”, “behind the sofa”)
rather than absolute metric units, suggesting that
the reasoning is both perceptually and linguistically
grounded. These observations suggest that incor-
porating human-inspired geometric cues into VLM
can enhance their spatial reasoning abilities.

Our approach enhances the model’s ability to
infer spatial relations, such as object proximity,
without explicit 3D labels or costly reconstruc-
tion. We demonstrate consistent improvements
across a range of 3D-aware tasks, including se-
mantic correspondence, depth estimation, and 3D
visual question answering. Our method outper-
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forms strong baselines on benchmarks such as PF-
PASCAL, TAP-Vid, and ScanQA, illustrating both
the effectiveness and scalability of our approach.

2 Related Work

Fine-tuning VFMs and VLMs. Various attempts
have been made to integrate 3D information into
Visual Foundation Models (VFMs) or Vision-
Language Models (VLMs) (Yue et al., 2024; You
et al., 2024). FiT3D (Yue et al., 2024) lifts 2D
visual features into a 3D Gaussian representation
and re-renders them from multiple viewpoints. By
fine-tuning, this approach guides the original 2D
features to align with re-rendered features, which
enhances 3D perception in VFMs. However, its
dense L1 optimization introduces noise, which po-
tentially leads to semantic information loss and sig-
nificant computational overhead. Multiview Equiv-
ariance Finetuning (MEF) (You et al., 2024) en-
hances 3D correspondence understanding by maxi-
mizing cross-view feature equivariance within pre-
trained foundation models. This allows them to im-
prove on tasks such as camera pose estimation, ob-
ject tracking, and semantic transfer. Nevertheless,
MEF requires explicit 3D annotations and does not
provide direct supervision for depth understanding.
Spatial VLM (Chen et al., 2024) generates exten-
sive 3D spatial QA corpora using pretrained detec-
tors, depth estimators, and segmentation models.
Training on this large-scale data strengthens the
spatial question-answering capabilities of VLMs.
However, the reliance on massive synthetic datasets
limits their practicality. In our work, we address
these limitations by introducing a lightweight and
annotation-free fine-tuning method that efficiently
enhances 3D spatial reasoning in VLMs.

3D Foundation Models. Recently, geometry-
based models have emerged as foundation mod-
els for 3D vision. CroCo (Weinzaepfel et al.,
2022, 2023) performs self-supervised cross-view
completion by reconstructing one view from an-
other, which allows the model to acquire multi-
view consistent features. Based on CroCo pretrain-
ing, DUSt3R (Wang et al., 2024) introduces a uni-
fied approach to directly estimate scene point maps
from two or more images taken from different view-
points. DUSt3R effectively simplifies the Structure-
from-Motion (SfM) pipeline. MASt3R (Leroy
et al., 2024) further extends these approaches by
incorporating a global matching head that aligns
partial reconstructions and predicts dense 3D cor-

respondences. These models inherently provide
3D perceptual priors by learning scene geometry
without explicit supervision or accurate dense re-
constructions from limited views. Additionally,
VGGT (Wang et al., 2025) introduces a large
transformer-based model to jointly estimate cam-
era poses, depth maps, and point clouds from a
few images. Training VGGT on large-scale 3D
datasets enables accurate depth prediction even
from a single image, which significantly improves
3D downstream tasks. Consequently, these models
embed critical 3D knowledge that is beneficial for
robust 3D understanding. In our work, we propose
a method to effectively inject these rich 3D priors
into VLMs.

Bridging VLMs and 3D Understanding. Re-
cent studies have explored analyzing or improv-
ing vision-language representations to better un-
derstand 3D scenes. Lexicon3D (Man et al., 2024)
evaluates various vision foundation encoders across
vision—language reasoning tasks and identifies their
strengths and limitations. Notably, image-text
alignment supervised models (Qiu et al., 2025;
Auty and Mikolajczyk, 2023; Radford et al., 2021;
Jia et al., 2021) still exhibit substantial weaknesses
in complex 3D spatial reasoning and language-
driven question answering tasks. This suggests that
vision—language pretraining alone may not suffi-
ciently capture comprehensive 3D concepts. These
observations underscore the necessity of incorporat-
ing explicit 3D signals or specialized training strate-
gies into VLMs. To address these limitations, var-
ious approaches have been proposed. Some stud-
ies (Hegde et al., 2023) extend CLIP via prompt
tuning by prepending learnable tokens to the vision
encoder and training it contrastively on rendered
3D object images paired with textual labels. Other
notable efforts include PointCLIP (Zhang et al.,
2022a; Zhu et al., 2023), which aligns 3D point
clouds with CLIP’s textual embedding space, and
methods designed to enhance text-image alignment
in 3D contexts (Kim et al., 2023; Zeng et al., 2021).
Collectively, these studies introduce additional rep-
resentations or strategies to enrich 3D understand-
ing within VLMs. In contrast, our work directly
injects robust 3D knowledge into 2D VLMs using
multi-view images. This enables leveraging their
inherent rich 2D vision-language priors without re-
lying on explicit supervision from other 3D data
modalities such as point clouds or 3D Gaussians.
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3 Proposed Method

We propose a geometric knowledge distillation
framework that transfers 3D spatial understand-
ing from high-performance 3D foundation mod-
els such as MASt3R (Leroy et al., 2024) and
VGGT (Wang et al., 2025) into a pretrained vision-
language model (VLM) (Radford et al., 2021; Jia
et al., 2021) without requiring any ground truth
3D annotations. Inspired by human perception,
which infers spatial structure by integrating visual
cues from multiple viewpoints, our method uses
paired images, {I"*, 1”2}, of the same scene cap-
tured from different perspectives v; and ve. From
these image pairs, we extract geometric signals
including sparse correspondences, ordinal depth
relations, and viewpoint-induced disparities, which
guide the VLM to learn geometry-aware representa-
tions. An overview of our framework is illustrated
in Figure 3.

Our framework obtains these geometric cues
using a teacher model that generates pseudo-3D
supervision from image pairs. Specifically, we
utilize the following information provided by 3D
foundation models: (i) sparse correspondences
Pvov2 = {(p* ,p;&)}?:olw' for matching 3D
points across views, (ii) estimated depth maps
Dvt, D?2 for each viewpoint, and (iii) a dense cost
volume, C"17"¥2, representing patch-level features
similarity between two viewpoints. These het-
erogeneous signals serve as supervision for three
complementary objectives: sparse correspondence
matching, relative depth learning using both intra-
view and inter-view comparisons, and alignment of
dense feature similarity. Combined, they enrich the
model’s multimodal representations and facilitate
3D-aware reasoning in complex scenes.

Sparse Correspondences

Figure 3: Overview of Geometric Distillation Architecture. A 3D foundation model extracts geometric cues
including (1) sparse correspondences, (2) depth maps, and (3) dense cost volumes from multi-view inputs. These
cues supervise a frozen CLIP image encoder with a lightweight adapter (LoRA) via three loss branches: L,ch,
Laepm, and Leoy. The distillation enables the VLM to acquire 3D spatial awareness without explicit 3D annotations.
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3.1 Sparse Correspondences

Background. Humans often rely on sparse but
stable visual features, such as corners or edges, to
estimate spatial layout. In a similar way, sparse
correspondences across views serve as geometric
anchors that help enforce cross-view consistency
and identify matching 3D points. These signals
are essential for enforcing consistency across view-
points (Leroy et al., 2024; Wang et al., 2025) and
have been widely adopted in multi-view geome-
try (Weinzaepfel et al., 2022, 2023; An et al., 2024)
as well as recent representation learning methods
such as MEF (You et al., 2024). To exploit these
correspondences, we adopt a feature-matching ob-
jective that promotes accurate feature-level align-
ment between image pairs. Given a set of pseudo
correspondence pairs PV1"2 = {(p;*, pf2)}|f:11 "l
generated by a geometric teacher, we extract local
image features {(f;*, f; 2)}?;11 "I and intermedi-
ate patch features {h"*} from each viewpoint. We
adopted a matching-based loss (Brown et al., 2020;
You et al., 2024) that encourages high retrieval
performance by maximizing the Smooth Average
Precision (SmoothAP) (Brown et al., 2020), com-
puted within a spatial neighborhood. For a query
feature f;, the SmoothAP is calculated using pos-
itive matches PY1"2 and negative matches (non-
matches), N (i), of point p; as:

SmoothAP,, v, =

1 1+ 0(Dis)
Seroal » (D
|Pv1svz| ieuwzwz 14+ o0(Di) + Eje,/\f(i) o(Dij)
U1 U1
;L — f;' - f;' measures the
difference in similarity between features, and o ()
denotes the sigmoid function. This objective pro-

motes higher similarity for true matches than for

where D;; = f;? - f"
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non-matches, thereby incorporating relative simi-
larity into the training. To ensure symmetry across
views, we apply the objective in both matching
directions and define the final loss as:

Luateh = 1 — %{Smoo‘chAPvlﬁw2 + SmoothAPy, 0, }
)

3.2 Relative Depth Understanding

To complement sparse correspondences, we en-
hance the VLM’s geometric reasoning by super-
vising its understanding of relative depth. Unlike
absolute depth estimation, which is fundamentally
ambiguous in monocular settings due to scale un-
certainty, relative depth reasoning (i.e., determin-
ing which of two points is closer) is intuitive and
practically robust across domains (Todd and Nor-
man, 2003; Howard and Rogers, 1995; Landy et al.,
1995). Numerous studies (Fu et al., 2018; Chen
et al., 2016; Xian et al., 2020; Zoran et al., 2015)
show that models trained with ordinal depth con-
straints generalize better to diverse scenes and pro-
duce sharper depth maps with preserved structure.

Inspired by this, we leverage the outputs
of high-capacity 3D foundation models (e.g.,
MASt3R (Leroy et al., 2024), VGGT (Wang et al.,
2025)) to construct pseudo ground-truth relative
depth labels. This approach allows us to inject 3D
awareness into VLMs without explicit 3D super-
vision or reconstruction. The learning proceeds
on two levels: intra-view and inter-view, capturing
both local monocular cues and multi-view dispari-
ties, akin to human depth perception mechanisms.
Intra-view Relative Depth. Given an image /",
we sample point pairs (z,y) € P? and determine
their ordinal pseudo ground-truth relation using
the depth map DY provided by a 3D foundation
model (e.g., MASt3R, VGGT). The relative depth
ordering is defined as:

sey = sign(d, — dy) € {=1,+1}, (3

where d, and Jy denote the estimated depths of
points x and y from viewpoint v, respectively. The
VLM predicts a scalar depth ranking score S, for
each pair based on its encoded features, and is
trained with a logistic ranking loss (Chen et al.,
2009; Fu et al., 2018):

1

o oo o5(1+explsay - 8n).

(z,y)eP?
)

This loss encourages correct ordinal predictions
without relying on metric depth values, allowing

Eintra,depth =

I B
0.4 - |
£ " 2
4§ &)
| \ - oy ®
e —
g 3
: . -

(a) Anchor  (b) MASt3R  (c) Vanilla (d) Ours

Figure 4: Visualization of cost volume. (a) Anchor
view with query location (yellow box). Cost volume
heatmaps from (b) the teacher (MASt3R), (c) the vanilla
CLIP, and (d) after geometric distillation. The proposed
method better captures localized geometric similarity,
closely aligning with the teacher’s output.

the model to learn scale-invariant depth cues from
local monocular structure.

Inter-view Relative Depth. To further infuse geo-
metric awareness, we supervise relative depth rela-
tionships across multiple views, as absolute depth
values may differ due to scale variations between
viewpoints. Unlike intra-view supervision, which
assumes a consistent scale within a single image,
inter-view supervision requires the model to reason
about depth differences under potential scale shifts.

Given a correspondence pair (p;*, p;?) € Pv1:v2
that observes the same 3D point from views v
and v9, we extract the pseudo ground-truth depths
d?" and d? from the teacher model’s depth maps
DYt and D2, respectively. To mitigate the effect
of absolute scale mismatch, we define a bounded
signed depth difference using the tanh function as
6 = tanh(d” — d®). The model is trained to
regress this value using a lightweight MLP head,
which is applied to the feature representations of
each view. The loss is defined as:

®

1 ~
V1,02 E . NF
Einter_depth ’Pv17v2| ‘61 51 .

1€Pv1,v2

This supervision encourages the model to be sen-
sitive to viewpoint-induced disparities and relative
geometry, even in the absence of explicit camera
calibration or metric consistency. To jointly capture
both local (intra-view) and cross-view (inter-view)
depth relationships, we define the final relative
depth loss as a combination of the two components:
ﬁdepth = Zp{[’?ﬁtra_depth—l_Zq Eli)ﬁ’i?"_depth}' By
unifying intra-view ordinal supervision with inter-
view relative regression, the model learns to infer
consistent and structurally-aware depth relation-
ships. This multi-scale depth reasoning framework
fosters a more human-like, scale-invariant under-
standing of 3D geometry, enhancing the general-
ization ability of vision-language models across
diverse visual domains.
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Table 1: Comparison of zero-shot semantic correspondence on PF-PASCAL.

Different Views

Same Views

Method Dataset
PCK@0.05 PCK@0.10 PCK@0.15 PCK@0.05 PCK@0.10 PCK@O0.15
(Vanilla) CLIP - 16.61 26.96 37.64 18.23 32.27 43.01
FiT3D (Yue et al., 2024)  ScanNet++ 15.90 23.40 30.34 14.93 26.52 34.56
MEEF (You et al., 2024) Objaverse 21.18 33.54 43.58 25.94 43.33 53.87
Ours Objaverse 25.87 39.85 50.21 36.77 56.61 67.93
Ours ScanNet++ 28.48 43.07 53.55 42.16 61.57 72.16

(+11.87)

(+16.11)

(+15.91)

(+23.93)

(+29.30)

(+29.15)

! The best score is bold and the second-best score is underlined. These are the same for all experiments.

Table 2: Comparison of video tracking on TAP-Vid and pose estimation on OnePose-LowTexture.

Method Dataset Video Tracking Pose Estimation
Avg. Jaccard Index ~ Avg. Position Accuracy lcm-ldeg 3cm-3deg  Scm-5deg
(Vanilla) CLIP - 27.73 42.59 2.50 19.32 33.11
FiT3D (Yue et al., 2024)  ScanNet++ 28.45 43.51 2.86 20.14 34.75
MEF (You et al., 2024) Objaverse 34.61 50.58 6.32 36.00 52.33
Ours Objaverse 35.60 54.65 8.50 39.30 57.68
Ours ScanNet++ 40.09 57.75 10.96 44.93 63.65

(+12.36)

(+15.16) (+8.46) (+25.61) (+30.54)

33

Beyond sparse matching and relative depth super-
vision, we introduce a dense cost volume align-
ment method to extract richer geometric cues from
intermediate features of 3D foundation models.
This alignment is further enhanced by leverag-
ing geometric priors from cross-view completion
models such as CroCo (Weinzaepfel et al., 2022,
2023), and transformer-based models using cross-
attention mechanisms across multiple views like
VGGT (Wang et al., 2025). Recent findings from
ZeroCo (An et al., 2024) show that cross-attention
maps learned through cross-view completion pre-
text tasks encode high-quality dense correspon-
dences, effectively acting as self-supervised cost
volumes. These maps inherently learn to warp
source features to reconstruct masked target views
by estimating correspondences across views. By
treating these attention-derived correspondences as
pseudo ground-truth warping functions, we can su-
pervise the VLM’s dense feature similarity to better
reflect geometric consistency, thereby enhancing
its capacity for dense 3D-aware reasoning.

To enforce dense geometric consistency across
entire feature maps, we align the feature similarities
produced by a vision-language model with geomet-
rically grounded predictions from a 3D foundation
model as in Figure 4. Given two views v; and
V9, We construct a 4D cost volume that encodes
normalized feature similarity between all spatial
positions (patch index) across the views:

hUt . B2
. . 1
Cormnt3) = ey
i j

Dense Cost Volume Alignment

(6)

where hf* € R denotes the intermediate feature
vector at patch index ¢ in view v1, and j is a corre-

sponding patch index in view vg. This similarity
matrix captures the VLM’s inherent geometric un-
derstanding between all patch pairs across views.
We convert this cost volume into a probability dis-
tribution using temperature-scaled softmax as:

Py, 50, (5 | 1) = softmax; (Cy, -, (i, 5)/7), (7)

where temperature 7 controls the sharpness of the
matching distribution. The geometric teacher pro-
vides target distributions PUI_WQ derived from its
robust 3D understanding. Our alignment loss mini-
mizes the Jensen-Shannon Divergence (Menéndez
et al., 1997) as:

Lcost = %{DKL (Pvf> v ||P1)14’112)+DKL (R)"vl HR;?vl %8})

2

This dense supervision compels the VLM’s feature
similarities to mirror the teacher’s geometrically
grounded predictions, enforcing subpixel-level ge-
ometric awareness.

3.4 Opverall Objective

To jointly train the vision-language model with rich
geometric supervision, we combine the proposed
loss components into a single objective function.
Given a pair of images (/**, I"?) from the same
scene, the total loss is defined as:

£tota1 = )\matchﬁmatch+/\depth£depth+)\cost£cost-

)]
where Anatch, Adepth, and Acost are hyperparame-
ters for balancing each loss term.

4 Experiments

4.1 Experimental Setups

Datasets. We evaluate our method in two main sets
of downstream tasks to examine the effectiveness
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(c) Ours
Figure 5: Semantic Transfer. (a) Source image with
annotated keypoints. Transfer results using (b) MEF (You

et al., 2024) and (c) our approach. Our method produces
more accurate and spatially consistent transfers.

(b) MEF

(a) Source

of our 3D-aware VLM representations: 3D visual
understanding and vision-language understanding
tasks. Specifically, to measure the 3D correspon-
dence understanding, we conduct experiments on
three downstream benchmarks introduced by (You
et al., 2024): (1) semantic correspondence on PF-
PASCAL (Ham et al., 2016), (2) video tracking
on TAP-Vid (Doersch et al., 2022), and (3) ob-
ject pose estimation on the OnePose-LowTexture
dataset (He et al., 2022). Additionally, we perform
experiments on downstream tasks for dense scene
understanding via linear probing as in FiT3D (Yue
et al., 2024), including semantic segmentation on
ADE20K (Zhou et al., 2019) and VOC2012 (Ev-
eringham et al., 2015), and monocular depth es-
timation on ScanNet++ (Yeshwanth et al., 2023)
and KITTTI (Geiger et al., 2013). Furthermore, we
assess improvements in 3D vision-language under-
standing by evaluating our method on the 3D visual
question-answering benchmarks SQA3D (Maet al.,
2022) and ScanQA (Azuma et al., 2022).
Implementation Details. We fine-tune the ViT-
based CLIP model for up to 500 epochs on ei-
ther Objaverse (Deitke et al., 2023) or ScanNet++.
We perform parameter-efficient fine-tuning through
LoRA (Hu et al., 2022), adopting settings similar to
those used in MEF (You et al., 2024). Our method
primarily leverages MASt3R (Leroy et al., 2024)
as a pretrained 3D foundation teacher during geo-
metric distillation. Further implementation details,
including experiments with VGGT (Wang et al.,
2025), are provided in the appendix.

4.2 Experimental Results
4.2.1 3D Visual Understanding

3D Correspondence Understanding. We evaluate
how effectively our distilled 3D-aware VLM rep-
resentations capture robust multi-view correspon-
dences, following established protocols from You

et al. (2024). As summarized in Tables 1 and 2, the
baseline CLIP and FiT3D (Yue et al., 2024) exhibit
limited performance. Specifically, FiT3D slightly
degrades the ability of semantics matching, corrob-
orating findings by (You et al., 2024). MEF (You
et al., 2024) significantly improves performance as
it leverages explicit 3D annotations. Nevertheless,
our approach consistently outperforms MEF even
without such annotations. On the Objaverse dataset,
our geometric distillation yields notable improve-
ments over the vanilla CLIP. Moreover, training
on the real-world ScanNet++ dataset results in fur-
ther substantial gains of +11.87% in PCK @0.05,
+12.36 % in average Jaccard index, and +8.46 %
accuracy at the 1cm-1deg threshold. This demon-
strates the practical value and strong generalization
power of our method. Unlike MEF, which indis-
criminately uses 3D annotations, our distillation
naturally selects semantically meaningful key re-
gions, leading to more effective correspondence
learning. These observations confirm that our ap-
proach effectively transfers strong geometric priors
into VLM representations by improving cross-view
consistency without explicit ground-truth 3D super-
vision. Further qualitative comparisons provided
in Figure 5 support these quantitative results.

Depth Estimation and Semantic Segmentation.
We demonstrate the transferability of our distilled
VLM features via linear probing on monocular
depth estimation and semantic segmentation tasks
after fine-tuning on ScanNet++. Although tradi-
tionally 2D-oriented, performance on these tasks
heavily relies on robust 3D geometric understand-
ing (Yue et al., 2024). We measure depth prediction
accuracy with RMSE and absolute relative error
(Rel.), and semantic segmentation using mloU and
mAcc. As shown in Table 3, FiT3D significantly
improves both tasks but requires approximately
three days of training on four NVIDIA A6000
GPUs due to costly 3D Gaussian optimization
across training scenes. MEF shows marginal im-
provements over baseline CLIP, indicating limited
effectiveness for dense predictions. Our approach
achieves the best depth estimation performance, re-
ducing RMSE from 0.432 to 0.367 on ScanNet++,
and obtains competitive semantic segmentation re-
sults while requiring up to 54 times less computa-
tion than FiT3D on a single GPU. Without explicit
dense 3D optimization, our method effectively in-
jects robust depth priors into VLMs, enhancing
semantic scene understanding.
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Table 3: Quantitative comparison with linear probing on depth estimation and semantic segmentation.

Method Train Time () ScanNet++ KITTI ADE20K VOC2012
RMSE () Rel.() RMSE({) Rel.(}) mloU(1) mAcc(?) mloU(T) mAcc (1)
(Vanilla) CLIP - 0.432 0.317 3.946 0.150 40.11 55.75 76.44 89.42
FiT3D (Yue et al., 2024) ~3d 0.394 0.278 3.542 0.125 42.53 56.61 79.21 90.25
MEF (You et al., 2024) ~1h 0.429 0312 3.891 0.145 40.16 55.93 76.47 89.46
Ours ~1h20m 0.367 0.260 3.529 0.117 41.86 57.01 78.74 90.41
(-0.065) (-0.057) (-0.417) (-0.033) (+1.75) (+1.26) (+2.30) (+0.99)
Table 4: Comparison of 3D vision-language reasoning on SQA3D and ScanQA.
Method SQA3D ScanQA
EM-1 BLEU-1 METEOR ROUGE CIDEr EM-1 BLEU-1 BLEU-4 METEOR ROUGE
(Vanilla) CLIP 48.1 473 34.6 486 1245 196 364 10.7 14.4 36.0
MEF (Youetal,2024) 482 474 34.6 487 1247 190 36.1 10.4 143 35.1
Ours 48.6 47.7 35.0 49.0 125.5 20.7 36.6 11.6 14.5 36.3

(+0.5) (+0.4) (+0.4) (+0.4)

(+1.0) (+1.1) (+0.2) (+0.9) (+0.1) (+0.3)

Table 5: Ablation study of loss components on 3D correspondence understanding after finetuning on Objaverse.

Loss Components Semantic Correspondence

Video Tracking Pose Estimation

Lostr Lontn Loost Different Views Same Views Jaccard  Avg. Pts Accuracy within Thresholds
0.05 0.10 0.15 0.05 0.10 0.15 Iecm-1deg 3cm-3deg Scm-5deg
v 4 21.18 3354 43,58 2594 4333 5387 34.61 50.58 6.32 32.00 48.33
4 v b 4 24.89 3832 49.00 3192 52.05 62.88 35.36 53.43 8.38 42.01 60.26
v v 4 25.87 3985 5021 36.77 56.61 67.93 35.60 54.65 8.50 39.30 57.68

4.2.2 3D Vision-Language Understanding

To evaluate whether our distilled VLM features ef-
fectively enhance 3D vision-language understand-
ing, we conduct experiments on two representa-
tive 3D VQA benchmarks with fine-tuned CLIP
features, following the evaluation protocol from
Lexicon3D (Man et al., 2024). We measure perfor-
mance using EM-1, BLEU, METEOR, ROUGE,
and CIDEr. Among these metrics, EM-1 is partic-
ularly crucial as it directly measures the model’s
exact answer prediction accuracy. For fair com-
parisons, we fine-tune all baselines on the Obja-
verse dataset. As shown in Table 4, MEF does
not show significant improvements over the vanilla
CLIP on SQA3D and even lower performance on
ScanQA. In contrast, our method consistently out-
performs both CLIP and MEF across all metrics
and datasets. Specifically, our approach increases
EM-1 on SQA3D to 48.6 %, and notably improves
EM-1 on ScanQA from 19.6% to 20.7%. These
results demonstrate that our fine-tuning approach
provides better 3D visual understanding which ef-
fectively leads to improvement of 3D spatial knowl-
edge for vision-language reasoning.

4.3 Ablation Study

We conduct an ablation study to analyze the ef-
fectiveness of each loss component for 3D corre-
spondence understanding as in Section 4.2.1 after
fine-tuning on Objaverse. Compared to fine-tuning
solely with Lpaten equivalent to MEF, adding
Lgepth consistently improves performance across

all metrics. Incorporating L.ost further boosts
PCK@0.05 by +4.69% and video tracking posi-
tion accuracy by +4.07 % . Although pose estima-
tion accuracy slightly decreases at some thresholds,
it maintains improved performance with a gain
of +2.18% at the challenging 1cm-1deg thresh-
old. These results demonstrate that Lgeptn signif-
icantly enhances semantic matching and precise
localization, while cost Lot further strengthens
cross-view feature consistency. Additional ablation
analyses are provided in the appendix.

5 Conclusion

We present Geometric Distillation, a lightweight
and annotation-free framework that enhances 3D
spatial awareness and reasoning in VLMs. By
distilling rich geometric signals such as multi-
view correspondences, relative depth relations, and
dense cost volumes from high-capacity 3D founda-
tion models like MASt3R and VGGT, our method
equips pretrained 2D VLMs with robust 3D percep-
tion. Without requiring architectural modifications
or explicit 3D annotations, our approach improves
state-of-the-art results across diverse spatial rea-
soning tasks, including semantic correspondence,
depth estimation, and 3D visual question answer-
ing. Extensive experiments demonstrate that our
method consistently outperforms prior approaches
while offering greater scalability and generaliza-
tion to real-world scenes. Our work highlights an
effective pathway to bridge the gap between 2D
vision-language understanding and 3D perception.
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6 Limitations & Future Work

While our approach achieves notable improvements
in 3D spatial reasoning for vision-language models
without requiring explicit annotations or architec-
tural changes, several limitations remain. First,
the method assumes access to multi-view imagery
during training, which may not always be feasible
in practical applications. Second, the reliance on
3D foundation models as supervision sources intro-
duces potential biases and limits the controllability
over the distilled geometric signals. Additionally,
our framework does not directly generalize to other
3D modalities such as point clouds or meshes.

Future work will focus on extending geomet-
ric distillation to monocular settings and exploring
self-supervised alternatives to reduce dependence
on external teacher models.
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Our proposed method, Geometric Distillation, en-
hances vision-language models (VLMs) with 3D
spatial understanding by leveraging supervision sig-
nals from pretrained 3D foundation models. While
our approach is annotation-free and lightweight,
there are potential risks associated with its deploy-
ment. First, since the 3D models used as teachers
may contain biases learned from their own training
data, such biases could be inadvertently transferred
to the VLMs. Second, because our method relies
on pseudo-supervision (e.g., depth maps and corre-
spondences), inaccuracies in the geometric signals
could result in incorrect spatial reasoning or de-
graded model performance. Finally, although our
work is intended for academic and constructive
use, enhanced spatial reasoning capabilities could
potentially be misused in surveillance, military ap-
plications, or other ethically sensitive scenarios.

B Use or Create Scientific Artifacts

Our study builds entirely on existing resources, in-
cluding publicly available pretrained models and
benchmark datasets. In the following, we briefly
describe the licensing status of the artifacts used
and provide key statistics for the datasets involved
in our experiments.

B.1 Discuss The License for Artifacts

In this work, we do not introduce new datasets,
but instead make use of publicly available pre-
trained models and benchmarks. Specifically, we
use MASt3R (Leroy et al., 2024) and VGGT (Wang
et al., 2025) as geometric teacher models, which
are distributed under research-friendly licenses:
VGGT is released under the CC BY-NC 4.0 li-
cense, and MASt3R, DUSt3R is licensed under
the CC BY-NC-SA 4.0 license. Additionally, we
evaluate our method using several publicly avail-
able datasets: TAP-Vid-DAVIS (Doersch et al.,
2022) (Apache 2.0), OnePose-LowTexture (He
et al., 2022) (Apache 2.0), ADE20K (Zhou et al.,
2019) (CC BSD 3), and Objaverse (Deitke et al.,
2023) (Apache 2.0). All datasets are used strictly
for non-commercial research purposes in accor-
dance with their respective licenses or terms.

B.2 Documentation of Artifacts

All code, pretrained model checkpoints, and eval-
uation scripts used in this study will be publicly
released upon publication. These artifacts will be
hosted on a GitHub repository, accompanied by
detailed documentation including installation in-
structions, dataset preparation scripts, and usage
examples. A complete README file will be pro-
vided to ensure the reproducibility of our results.
For datasets that cannot be redistributed due to li-
censing constraints, we include scripts and links to
download them from their original sources. Our
release is intended to support both reproduction
and future research based on our approach.

B.3 Statistics for Dataset

We summarize the dataset statistics used in our
experiments across different tasks in Table 6.

3D Correspondence Understanding. We evalu-
ate on three benchmarks following the protocols
from MEF (You et al., 2024). For semantic cor-
respondence, we use PF-PASCAL that consists of
308 image pairs from 20 object classes, randomly
shuffled in different viewpoint settings. For video
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Table 6: Dataset statistics and split details for each downstream task.

Task / Dataset Split information

3D Correspondence Understanding

PF-PASCAL
TAP-Vid (DAVIS)
OnePose-LowTexture

20 object classes; 308 image pairs; pairs randomly shuffled (in different viewpoint settings)
30 object-centric videos; 34—104 frames per video
40 objects with two videos per object; evaluation every 10th frame

Dense Scene Understanding

ScanNet++ Validation split — 50 scenes, 30,638 images
KITTI Test split — 28 scenes, 697 images
ADE20K Validation split — 2,000 images

VOC2012 Validation split — 1,449 images

3D Vision-Language Understanding

SQA3D
ScanQA

over 33K question—answer pairs
over 41K question—answer pairs

tracking, we follow the protocols of (Doersch et al.,
2022; Tumanyan et al., 2024) and use TAP-Vid-
DAVIS, which contains 30 object-centric videos
with 34-104 frames per video. For object pose
estimation, we follow He et al. (2022) and evaluate
on the OnePose-LowTexture dataset which com-
prises 40 objects, each with two videos, performing
evaluations on every 10th frame.

Dense Scene Understanding. Following
FiT3D (Yue et al., 2024), we perform linear prob-
ing evaluations to estimate monocular depth and
semantic segmentation. For depth estimation, we
use ScanNet++ (Yeshwanth et al., 2023), specifi-
cally utilizing its validation split of 50 scenes with
30,638 images. We also use KITTI (Geiger et al.,
2013) to evaluate generalization performance on
KITTT’s test split consisting of 28 scenes and 697
images. For semantic segmentation, we follow
standard protocols and evaluate on ADE20K (Zhou
et al., 2019)’s validation split with 2,000 images
and VOC2012 (Everingham et al., 2015)’s valida-
tion split with 1,449 images.

3D Vision-Language Understanding. We evalu-
ate 3D visual question-answering capabilities on
SQA3D (Ma et al., 2022) and ScanQA (Azuma
et al., 2022), following Lexicon3D (Man et al.,
2024). Both datasets contain diverse QA pairs de-
signed to probe 3D spatial and semantic reason-
ing. Specifically, SQA3D comprises over 33K syn-
thetic question—answer pairs, while ScanQA con-
tains over 41K real-world question—answer pairs
generated from ScanNet scenes.

C Computational Experiments

We conduct a series of computational experiments
to evaluate the effectiveness and efficiency of our

proposed method. This section outlines the scale
and computational cost of our models, the training
setup and hyperparameter choices, a summary of
the reported evaluation metrics, and the software
packages used for implementation and evaluation.
Through careful design and efficient training strate-
gies, we ensure that our method achieves strong
performance while maintaining high computational
efficiency.

C.1 Model Size and Budget

We utilize the CLIP (Radford et al., 2021) ViT-B/16
model as our vision-language backbone, which
contains approximately 93 million parameters,
closely comparable to the vanilla CLIP with about
87 million parameters. For parameter-efficient
fine-tuning, we employ the Low-Rank Adaptation
(LoRA) (Hu et al., 2022) technique, which takes
up roughly 6 million parameters (about 6.5% of
the total). All experiments are conducted on up
to four NVIDIA A6000 GPUs, and our geometric
distillation process takes approximately 1 hour and
20 minutes per model on a single NVIDIA A6000
GPU. Compared to prior methods such as FiT3D,
which require up to three days of training on four
A6000 GPUs due to costly optimizing 3D feature
Gaussians for all training scene, our method signif-
icantly reduces computational cost while achieving
superior performance.

C.2 Experimental Setup and
Hyperparameters

We use the AdamW optimizer (Loshchilov and Hut-
ter, 2017) with a learning rate of 1 x 1075, and a
train LoRA for up to 500 training epochs with early-
stopping across all experiments. LoRA adapters
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Figure 6: Feature visualization. PCA visualization of learned features on randomly selected 3D objects from
Objaverse (Deitke et al., 2023). Compared to (b) CLIP (Radford et al., 2021), (c) FiT3D (Yue et al., 2024), and (d)
MEEF (You et al., 2024), our method (e) not only generates consistently smoother and more coherent features with
reduced noise but also accurately preserves semantic correspondences across multiple viewpoints.

with rank » = 4 are applied to intermediate self
attention layers in the CLIP model baseline. For
the relative depth supervision, we add four LoRA
layers to the 4th-7th attention layers, along with
adapters following (Chen et al., 2022). The loss
components are equally weighted: Apacn = 1.0,
Adepth = 1.0, and Acoqe = 1.0. Additionally, we
apply temperature annealing to the cost volume
alignment loss Lo as described in Equation (7),
linearly decreasing 7 from 1.0 to 0.5 during train-
ing. These hyperparameters were selected based
on empirical tuning on ScanNet++ validation split
and held consistent across all datasets to ensure
fair comparison. We did not perform extensive hy-
perparameter search, and observed no significant
sensitivity to small variations.

For view sampling during geometric distillation
on ScanNet++, we randomly sample 10,000 views
across 100 scenes, then subsequently select 100
random pairs of views that share overlapping 3D re-
gions. This sampling results in a dataset size equiv-
alent to the Objaverse view pairs used in MEF (You
etal., 2024).

C.3 Descriptive Statistics

All results reported in the main paper and appendix
represent the mean values over the full test set. For
classification and tracking tasks, we use metrics

such as PCK, Jaccard index, and positional accu-
racy at multiple thresholds. For depth estimation
and semantic segmentation, we report RMSE, rela-
tive error, mloU, and mAcc. We do not report error
bars or variances, but all evaluations are determinis-
tic and based on a single run unless otherwise spec-
ified. Our results are comparable to prior works
under the same evaluation protocols and dataset
splits.

C.4 Parameters for Packages

We rely on several well-established libraries and
packages throughout our pipeline. For model im-
plementation and training, we use PyTorch along
with the HuggingFace Transformers (Wolf et al.,
2019) and PEFT (Parameter Efficient Fine Tun-
ing) libraries to incorporate LoRA into the CLIP
backbone. For vision tasks such as depth es-
timation and segmentation, we use torchvision
and mmsegmentation-based tools for data pre-
processing and evaluation. NLP evaluation metrics
including BLEU, ROUGE, METEOR, and CIDEr
are computed using standard implementations from
the NLTK and COCOEVval toolkits. All packages
are used with default parameters unless otherwise
specified. No additional tuning or modification was
made to external evaluation functions.
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Question: What is the farthest away object on my left?

Situation: I just walked into the room through the doors.

Answer: window ‘: table X : window o

Scene Before After

Question: Which one is further away from the fan, a cabinet or a trash can?

Situation: I am facing a backpack on top a couch, while there is a door behind

: cabinet ¥ ‘ trash can o

Bosition| ; =

Scene Before After

Answer: trash can

Question: Which one is closer to me, the bathtub or the bed?

Situation: I am facing the door and the bathroom door opening is on my left.

Answer: bathtub é: bed X : bathtub o

Scene Before After

Figure 7: Qualitative examples of 3D VQA on SQA3D. Visualization of feature clustering for 3D scenes before
and after our geometric distillation, following the protocol of Lexicon3D (Man et al., 2024). The 2D CLIP features
and fine-tuned 2D CLIP features are lifted into 3D space and clustered using k-means. Each example presents a
challenging VQA scenario, asking about relative object positions (e.g., “farthest,” “further,” “closer””). Compared to
vanilla CLIP (“Before”), our distilled features (“After”) offer clearer 3D spatial distinction and improved vision-
language understanding for given 3D scenes.
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D Al Assistants In Research Or Writing

D.1 Information About Use Of AI Assistants

We acknowledge the use of ChatGPT-40 (Achiam
et al., 2023) for grammatical correction and style
improvement during the writing of this paper. How-
ever, all technical content, experiment design, and
conceptual development were performed solely by
the authors. No Al-generated content was used for
core research contributions or evaluations.

E Additional Qualitative Evaluation

E.1 Feature Visualization

To qualitatively analyze the effectiveness of our ge-
ometric distillation, we visualize PCA projections
of features extracted from randomly sampled 3D
objects in Objaverse. We compute a PCA between
the patches of the images from the multi-view im-
ages of the same object and visualize their first 3
components. As illustrated in Figure 6, existing
methods such as vanilla CLIP, FiT3D, and MEF
produce noisy or inconsistent feature distributions
across multiple views. In contrast, our method gen-
erates significantly smoother and more coherent
feature maps that consistently preserve semantic
correspondence across various viewpoints. This
visualization confirms that our approach success-
fully injects robust multi-view geometric consis-
tency into VLM features, which enables precise
and noise-less representation of object parts and
their spatial relationships.

E.2 More Qualitative Results

We provide additional qualitative comparisons
for video tracking performance on the TAP-Vid-
DAVIS dataset (described in Section 4.2.1) in Fig-
ure 8. Compared to MEF (You et al., 2024), our
method produces notably cleaner and more accu-
rate tracking results, which closely align with the
ground-truth trajectories. Specifically, in the first
row of Figure 8, MEF struggles to accurately track
the trajectory of the rear wheel, confusing it with
the front wheel of the car. In contrast, our approach
clearly distinguishes and consistently tracks object
parts. These results show that our method effec-
tively enhances consistency to viewpoint changes
and object motion.

E.3 Example Results of 3D VQA

As summarized in Figure 7. we provide example
results of 3D visual question answering evaluation

on the SQA3D dataset following Section 4.2.2,.
Specifically, we visualize features from vanilla
CLIP and our fine-tuned CLIP obtained through
geometric distillation. For visualization, we first
lift the 2D CLIP features into their correspond-
ing 3D scenes and apply k-means clustering. Our
distilled features demonstrate clearer spatial co-
herence and improved geometric consistency com-
pared to vanilla CLIP features. Consequently, our
model exhibits superior spatial reasoning capabili-
ties, which accurately identify relative object dis-
tances as required by challenging VQA questions,
especially determining which object is farther or
closer. For instance, while vanilla CLIP incorrectly
identifies spatial relationships due to ambiguous
feature representations, our method correctly inter-
prets the precise spatial context, including spatially
complex questions.

F Additional Ablation Study

F.1 Comparison of Absolute and Relative
Depth Understanding

We perform an additional analysis comparing the
effects of absolute and relative depth losses on 3D
correspondence understanding. Specifically, we
fine-tune models on ScanNet++ using either ab-
solute depth loss or our proposed relative depth
loss, and evaluate them across the 3D correspon-
dence tasks described in Section 4.2.1. For absolute
depth loss, we implement log-scale depth regres-
sion, which directly predicts depth values. Given
predicted depth dp and ground-truth depth Jp at
keypoint p for a single view, the absolute depth
loss Laps_depth 1s computed as:

LN DR
Eabs_depth = WZ‘dp—S'dp‘, S = Dgt
peEP max
(10)

where DPI2? and DEL, denote the maximum depth

from predictions and ground-truth, respectively,
and s is the scale factor ensuring that predictions
match the range of the ground-truth.

As shown in Table 7, the relative depth loss con-
sistently outperforms absolute depth across all met-
rics. For semantic correspondence, it significantly
improves PCK@0.05 from 27.04% to 28.48% (dif-
ferent views) and from 37.45% to 42.16% (same
views). Similarly, relative depth supervision en-
hances video tracking, increasing the average Jac-
card index from 39.27% to 40.09%, and boosts
precise pose estimation accuracy at the 1cm—1deg
threshold from 9.46% to 10.96%.
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(a) Ground Truth (b) MEF

Figure 8: Additional qualitative results on video tracking. Visualization of predicted trajectories compared to
(a) ground truth, (b) MEF (You et al., 2024), and (c) ours. Our method provides more accurate and coherent object
tracking, which significantly reduces incorrect correspondences and aligns better with ground-truth trajectories.

R e

(c) Ours

Table 7: Absolute vs. relative depth loss in 3D correspondence understanding after fine-tuning on ScanNet++.

| Semantic Correspondence | Video Tracking | Pose Estimation
Method | Different Views Same Views | | Thresholds
Jacc.  Avg. Pts
| 005 010 015 005 010 015 | | lem-ldeg 3cm-3deg  Scm-5deg
Abs. 27.04 4133 5037 3745 57.63 66.58 | 39.27 57.27 9.46 42.04 60.93
Rel. 2848 43.07 53,55 4216 61.57 72.16 | 40.09 57.75 10.96 44.93 63.65

These results indicate that explicitly modeling
relative depth relationships, rather than absolute
depth values, yields more generalizable geometric
representations. Additionally, it reduces the risk of
overfitting to the depth distribution of the training
dataset.

F.2 Ablation on Loss Components with
Different Training Dataset

To further investigate the generalization of each
loss component in our geometric distillation, we
conduct an additional ablation study by fine-tuning
on the real-world ScanNet++ dataset, complement-
ing our earlier analysis performed on Objaverse
as in Section 4.3). Specifically, we evaluate the

effects of the matching loss Lpatch, relative depth
loss Lgepth, and cost volume alignment loss Lcost
across the downstream 3D correspondence tasks
described in Section 4.2.1.

As shown in Table 8, adding the relative depth
loss Lgepth significantly enhances semantic corre-
spondence, increasing PCK@0.10 from 41.76%
to 43.43% (different views), and improving pose
estimation accuracy at the strict 1cm—1deg thresh-
old from 9.61% to 10.80%. Incorporating the
cost volume alignment loss Lost further strength-
ens performance, which yields substantial gains
across most metrics. Specifically, semantic corre-
spondence at PCK@0.05 notably increases from
26.32% to 28.48% (different views) and from
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Table 8: Ablation study of loss components on 3D correspondence understanding after finetuning on ScanNet++.

Loss Components ‘ Semantic Correspondence

| Video Tracking | Pose Estimation

Losen Lot Leost | Different Views Same Views | Jaccard  Ave. Pt | Accuracy within Thresholds
| 005 010 015 005 010 015 | | lem-1deg 3cm-3deg 5Scm-5deg
v b 4 X 26.32 41.76 50.72 3745 5830 68.15 37.78 57.45 9.61 44.77 63.52
v v b 4 27.25 4343 52.18 38.82 60.20 69.64 38.26 56.43 10.80 47.40 64.93
v v v 28.48 43.07 5355 4216 61.57 72.16 40.09 57.75 10.96 44.93 63.65

Table 9: Comparison of our VGGT and MASt3R-based methods on 3D correspondence understanding.

Model ‘ S tic Corresp e |  Video Tracking | Pose Estimation
Method Teacher Dataset ‘ Different Views Same Views ‘ Jaccard  Pos. Acc. ‘ Icm-1deg  3cm-3deg  Scm-5deg
| 005 010 015 005 010 015 | \
CLIP (Vanilla) — — 16.61 2696 37.64 1823 3227 43.01 27.73 42.59 2.50 19.32 33.11
Ours (VGGT) VGGT Objaverse 19.84 3279 4424 2544 4248 55.18 36.77 52.68 6.94 34.37 51.83
ScanNet++ | 24.22 3952 4834 30.79 53.03 63.26 37.28 54.22 8.15 38.75 57.55
Ours (MASB3R)  MASGR Objaverse | 25.87 39.85 50.21 36.77 56.61 67.93 35.60 54.65 8.50 39.30 57.68
ScanNet++ | 28.48 43.07 53,55 42.16 61.57 72.16 40.09 57.75 10.96 44.93 63.65
37.45% to 42.16% (same views). Additionally, 1cm-1deg threshold).

video tracking accuracy measured by the average
Jaccard index improves from 37.78% to 40.09%,
and pose estimation achieves the highest accuracy
of 10.96% at 1cm-1deg threshold.

These results confirm that each loss component
meaningfully contributes to enhancing cross-view
consistency and spatial understanding. Particularly,
the cost volume alignment loss L.os¢ improves the
precision of representations, which significantly
benefits performance on the most stringent evalua-
tion metrics.

F.3 Comparison of MASt3R and VGGT as a
Teacher Model

We conduct additional experiments to compare the
effectiveness of different pretrained 3D foundation
models, MASt3R and VGGT, used as teacher mod-
els in our geometric distillation method. Specifi-
cally, we evaluate their performance across multi-
ple downstream 3D correspondence tasks as sum-
marized in Table 9.

Both MASt3R and VGGT-based models sub-
stantially outperform the vanilla CLIP baseline,
and this demonstrates the effectiveness of our geo-
metric distillation approach. However, we observe
consistent differences between the two teachers.
Overall, MASt3R consistently generates superior
results compared to VGGT, particularly when fine-
tuned on real-world ScanNet++ data. For example,
on ScanNet++, MASt3R achieves significantly bet-
ter semantic correspondence accuracy (PCK@0.05
of 28.48% vs. 24.22% in different-view scenarios
and 42.16% vs. 30.79% in same-view scenarios),
enhanced video tracking performance (average Jac-
card index 40.09% vs. 37.28%), and improved
pose estimation accuracy (10.96% vs. 8.15% at

We attribute this difference in performance partly
to the operational characteristics of each teacher
model. Specifically, VGGT requires selecting an
anchor viewpoint as user input to estimate dense
correspondences across other views, so that it po-
tentially introduces noise or inaccuracies. In con-
trast, MASt3R directly predicts dense and consis-
tent semantic correspondences without requiring
explicit selection of anchor points, which results
in more reliable geometric guidance. Thus, while
both models effectively enhance the geometric un-
derstanding of VLMs, MASt3R provides more pre-
cise and robust geometric priors in our experiments.

G Failure Cases

Although our geometric distillation method signifi-
cantly enhances the VLM representations, we iden-
tify limitations under certain challenging scenarios,
also shared by MEF (You et al., 2024). Specifically,
our approach heavily relies on accurate geomet-
ric priors from pretrained 3D foundation models.
Consequently, when input views have minimal or
no overlapping 3D regions, these foundation mod-
els may fail to accurately infer or reconstruct the
underlying geometry. Such failures can propagate
erroneous geometric guidance into our distilled
VLM features, which may degrade its performance
on downstream tasks. This limitation might be al-
leviated through improved sampling strategies that
explicitly consider shared viewing regions, as well
as by enhancing the single-image 3D inference ca-
pability of the underlying 3D foundation models.
We believe that addressing these limitations is an
important future direction. Potential improvements
may include utilizing more powerful 3D foundation
models trained on diverse, large-scale multi-view
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datasets or integrating explicit uncertainty estima-
tion to mitigate the impact of unreliable geometric
guidance.
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