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Abstract

Vision-Language Models (VLMs) often struggle with ro-
bust 3D spatial reasoning. Prevailing methods that rely
on fine-tuning with 3D visual question-answering (VQA)
datasets may overfit dataset-specific biases, while integrat-
ing specialized 3D visual encoders is often inflexible and
cumbersome. In this paper, we argue that genuine spa-
tial understanding should emerge from learning fundamen-
tal geometric priors, not only from high-level VQA supervi-
sion. We propose GASP (Geometric-Aware Spatial Priors),
a framework that injects these priors directly into the LLM’s
transformer layers. GASP employs a small correspondence
head, applied as a deep supervision signal across all layers,
and is trained with a dual objective leveraging ground-truth
geometry from large-scale video scenes: a contrastive loss
on ground-truth point correspondences enforces 2D view-
invariance, while a depth consistency supervision resolves
3D geometric ambiguities. Our analysis first provides a di-
agnostic showing that standard VLMs’ internal correspon-
dence matching accuracy is very low (often below 5%). We
then demonstrate that our training substantially improves
this behavior, boosting peak layer-wise correspondence to
over 70% and maintaining over 85% temporal robustness
while baselines remain below 5%. These internal improve-
ments translate to significant gains on downstream spatial
benchmarks—including +18.2% on All-Angles Bench and
+29.0% on VSI-Bench—all without training on any 3D VQA
data. Our findings indicate that learning from fundamental
geometric priors is a promising and generalizable pathway
towards VLMs with more reliable 3D spatial reasoning.

1. Introduction
The ability to perform robust spatial reasoning is a cor-
nerstone of artificial intelligence, enabling agents to un-
derstand, navigate, and interact with the complex real
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Figure 1. Top: Our proposed framework (GASP) learns geometric
consistency by injecting the correspondence head into the LLM,
supervised by 3D spatial priors. Bottom: Standard spatial VLMs
rely on fine-tuning with 3D VQA datasets, which often leads to
memorizing data-specific biases. Note that our GASP requires no
3D prior input and processes as a standard VLM during inference.

world [37, 38]. In recent years, Vision-Language Models
(VLMs) have demonstrated remarkable capabilities in mul-
timodal understanding and reasoning [1, 2, 5, 17, 24, 40],
yet their grasp of spatial concepts remains a significant chal-
lenge [7, 16, 22, 27, 32, 57]. A dominant paradigm to ad-
dress this limitation involves fine-tuning these models on



extensive 3D visual question-answering (VQA) datasets [6,
33, 39, 45, 47, 48, 58, 63]. Although effective to some ex-
tent, post-training strategies such as supervised �ne-tuning
(SFT) and reinforcement learning (RL) on these VQA pairs
often encourages models to learn super�cial correlations
and memorize dataset-speci�c biases, leading to poor gen-
eralization on unseen scenarios. For example, as the experi-
ments shown in [39], specialized models like VILASR [48],
SpatialMLLM [47], and VG-LLM [61] show huge perfor-
mance boosts on in-domain benchmark like VSI-Bench [54]
after �ne-tuning. However, these models show a consistent
performance drop on out-of-domain spatial benchmarks
such as MMSI-Bench [55], STI-Bench [25], and Space-
Vista [39]. An alternative line of works [8, 47, 61] seek
to extract 3D spatial information by integrating specialized
visual encoders such as the VGGT [43] model, or by us-
ing direct 3D inputs like point clouds [4], pre-segmented
objects [15, 46] or BEV maps [35]. However, this path
presents signi�cant practical limitations. These pre-trained
spatial encoders are cumbersome, increasing model size and
inference latency. Furthermore, they must typically be used
“as is” (i.e., with frozen weights) because their specialized
3D training data and pipelines are incompatible with stan-
dard VLM training. This creates a challenging integration
problem, forcing the model to align its native visual repre-
sentations with these rigid, pre-computed 3D features.

In this work, we depart from both of these prevail-
ing paradigms. We argue that robust spatial intelligence
emerges from learning the fundamental perceptual signals
of 3D geometry. We hypothesize that true spatial under-
standing is underpinned by the ability to establish visual
correspondences across changing viewpoints. Rather than
teaching a model to associate text with visual patterns, our
goal is to teach it the underlying geometric consistency of
the world itself. Learning this object constancy encourages
the model to build an internal, view-invariant representa-
tion [23, 30, 34], providing a more generalizable foundation
for downstream spatial reasoning tasks.

To this end, we propose GASP (Geometric-Aware Spa-
tial Priors), a novel training framework designed to directly
inject geometric priors into the LLM transformer layers of
the VLM's backbone shown in Figure 1. Our method in-
troduces a lightweight correspondence head inserted across
all transformer layers to receive deep supervision signal.
This forces geometric consistency to be maintained at ev-
ery stage of the model's feature representation. This head
is trained with a dual objective leveraging ground-truth geo-
metric priors from the large-scale video scenes [26]: First, a
contrastive learning objective on point correspondence data
across frames teaches the model the core principle of object
constancy, forcing it to learn view-invariant 2D representa-
tions. Second, a depth consistency loss leverages ground-
truth depth maps as a crucial geometric regularizer to re-

solve 3D ambiguities (i.e., foreground-background match-
ing confusion) through matching depth values. Crucially,
this correspondence head is only active during the training
phase and is discarded entirely for inference.

We validate the effectiveness of our approach through
extensive ablation experiments. We provide a novel visual
correspondence matching analysis for VLM's backbones,
and reveal that GASP dramatically improves the VLM's in-
ternal geometric representations, in terms of both the signif-
icantly improved correspondence matching scores, as well
as its capability to maintain robust matching across long
temporal range. Moreover, we also demonstrate that these
internal improvements generalize to high-level reasoning.
Our GASP achieves signi�cant performance gains on down-
stream spatial reasoning benchmarks by improving camera
pose estimation by +18.2% on the All-Angles Bench [56],
object counting by +29.0% on VSI-Bench [54], and multi-
view reasoning by +15.0% on BLINK [11]. Our contribu-
tions are summarized as follows:

• We introduce GASP, a novel framework that injects ge-
ometric priors directly into the LLM's transformer lay-
ers. GASP uses a deep supervision signal across all lay-
ers and is trained with a dual point correspondence and
depth consistency to resolve 3D ambiguities.

• We provide a detailed correspondence analysis of VLM
backbones including Qwen2.5-VL-7B [2], LLaVA-
NeXT-Video-7B [59], revealing that our GASP frame-
work boosts peak layer-wise correspondence matching
accuracy from very low values (below 5%) to over 70%
and maintains over 85% temporal robustness, while
baselines remain under 5%.

• We demonstrate that our geometrically grounded model,
trained without any 3D VQA data, improves internal
visual correspondence with strong temporal robustness
and achieves substantial gains over baselines on down-
stream spatial reasoning benchmarks, with only minor
changes in general video QA performance.

Our �ndings suggest that learning from visual correspon-
dence is a promising and generalizable path towards VLMs
with more reliable 3D spatial reasoning.

2. Related Works

3D-Aware VLMs. Recent efforts have focused on enabling
MLLMs to understand 3D scenes [4, 10, 13–15, 19, 35, 46,
53, 62]. A dominant approach processes explicit 3D data,
such as point cloud features [4] or pre-segmented 3D ob-
jects [15, 46]. Another strategy projects multi-view im-
ages [50] into explicit spatial representations, like voxel
space [62] or BEV maps [35]. Other work uses dual-
encoder architectures or grounding agents to fuse 3D geom-
etry features with 2D semantic features [8, 52, 61, 64]. A
common thread is their reliance on explicit 3D data, which



Figure 2. Injecting the Geometric-Aware Spatial Priors (GASP) into VLMs. Standard approaches rely on �ne-tuning with 3D VQA
datasets, which may encourage memorizing dataset-speci�c biases. We instead insert a small correspondence head into the intermediate
layers of the LLM backbone. During the training phase, this head is supervised by visual correspondence and depth consistency signals
derived from ground-truth point tracks and depth maps. At inference, the head is discarded and the model processes inputs (e.g., VQA)
as a standard VLM, without any auxiliary 3D input. Note that the 3D scene example shown is from EgoHumans [20] for illustration; our
training data is sourced from DL3DV [26].

poses a signi�cant alignment challenge, as the LLM must
integrate a new, rigid feature stream. In contrast, our work
proposes a more lightweight alternative, avoiding explicit
3D data inputs and dual-encoder fusion. We instead inject
geometric priors directly into the intermediate layers of the
existing LLM backbone to �nd 3D consistency within its
own representations.
Spatial Reasoning in VLMs. VLMs face signi�cant chal-
lenges in complex spatial reasoning [3, 6, 8, 33, 39, 45, 47,
48, 61, 63]. Catalyzed by benchmarks like VSI-Bench [54],
a dominant paradigm emerged: creating large-scale, 3D-
related VQA datasets [8, 33, 39, 45, 58] to fuel specialized
models [8, 47, 48, 61] via �ne-tuning. This reliance may
encourage VLMs to learn super�cial correlations and mem-
orize dataset-speci�c biases, leading to poor generalization.
In contrast, our work departs from this VQA-based super-
vision, instead injecting fundamental geometric priors—
correspondence and depth consistency—directly into the
VLM's internal representations.

3. Preliminaries: Self-Attention in VLMs

Modern VLMs process a sequence of visual tokens, V 2
RN�d , and language tokens, L 2 RM�d , by concatenating
them into a uni�ed input sequence X = Concat(V; L) 2
R(N+M)�d , which is fed into the LLM backbone. Within
each transformer layer, this sequence X is projected into
queries Q, keys K, and values V . The core scaled dot-
product attention mechanism computes an output Z:

Z = Attention(Q; K; V ) = Softmax
�

QK T
p

dk

�
V (1)

Here, Q; K; V 2 R(N+M)�d k , and QKT is the similar-
ity matrix representing scores between all token pairs. To
analyze spatial reasoning, we partition the query and key
matrices based on their origin:

Q = Concat(QV ; QL ); K = Concat(K V ; K L ) (2)

where QV ; K V are projections of visual tokens and QL ; K L

are projections of language tokens. Consequently, the at-
tention similarity matrix S = QKT deconstructs into four
distinct quadrants:
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These quadrants represent visual self-attention (QV K T

V ),
language self-attention, and cross-modal attention. We
are primarily interested in the visual self-attention ma-
trix, QV K T

V , as analyzing this QK-matching provides a di-
rect window into the model's learned spatio-temporal cor-
respondence which is most relevant to geometric reasoning.

To this end, we pose a direct hypothesis: genuine high-
level spatial understanding in VLMs can be unlocked by
explicitly learning their internal visual self-attention rep-
resentations (QV K T

V ) to be geometrically consistent. This
mirrors �ndings in video diffusion models, where QK-
matching is a key metric for temporal consistency [18, 31].
Therefore, we posit that by explicitly training the QV K T

V
representations to be geometrically aware, we can inject a
robust inductive bias that is essential for high-level spatial
understanding.



4. Learning Geometric Correspondence

Building on our hypothesis, we posit this QV K T
V de�ciency

does not stem from the visual encoder alone, but from the
core LLM, which lacks a robust 3D geometric inductive
bias from its pre-training with the web-scale text corpora
that lack �ne-grained 3D geometric information. We argue
that 3D VQA �ne-tuning encourages memorizing super�-
cial correlations rather than learning geometric principles,
leading to poor generalization (Figure 3). To address this,
we depart from QA-based supervision and instead directly
inject a geometric inductive bias into the LLM transformer
layers. Our core idea is to teach the model object perma-
nence by supervising its internal visual representations, us-
ing a correspondence head trained with both ground-truth
point correspondence and depth supervision.

4.1. View­Invariant Visual Correspondence

We augment a standard VLM, denoted by the function �,
by attaching a lightweight correspondence head, Hc, to the
output of an intermediate LLM transformer block at layer
l. This head takes as input the sequence of visual tokens
from that layer, V(l) = fv (l)

i gN
i=1 2 RN�d . The correspon-

dence head, implemented as a 2-layers MLP, projects these
general-purpose features into a new, lower-dimensional em-
bedding space speci�cally optimized for correspondence
matching:

E = H c(V (l) ) (4)

where E = fe i gN
i=1 2 RN�d emb is the set of

correspondence-aware embeddings. This design minimally
alters the base VLM architecture while enabling direct su-
pervision of its internal geometric understanding.

We leverage ground-truth point correspondences [26] as
our supervisory signal. For an anchor point pa

i in a source
frame a, its corresponding point pb

i in a target frame b pro-
vides the positive sample. All other points fpb

k gk6=i in the
target frame form the negative set. We employ the InfoNCE
contrastive loss [21] to train the correspondence head. Fol-
lowing standard practice, we use hu; vi to denote the dot
product between two L2-normalized embeddings (i.e., their
cosine similarity). The loss for a single anchor embedding
ea

i is de�ned as:

L i = � log
exp(hea

i ; eb
i i=� )

exp(hea
i ; eb

i i=� ) +
P

k6=i exp(hea
i ; eb

k i=� )
(5)

where � is temperature hyperparameter. The full correspon-
dence loss, Lcorr, is the average over all anchor points.

4.2. Depth­Aware 3D Consistency

Beyond 2D visual correspondence, we incorporate 3D ge-
ometric supervision. Our objective is not to train a high-
�delity depth prediction head [43, 44], but to learn ro-
bust depth consistency across frames. We therefore do not

regress depth values directly; instead, we use depth as a
supervisory signal to align geometrically valid correspon-
dences and enforce 3D consistency.

Concretely, for each anchor point pa
i in frame a, we de-

rive a soft matching distribution Aij over candidate patches
in frame b by normalizing the similarity scores from the
contrastive loss:

A ij =
exp(hea

i ; eb
j i=� )

P N cand
k=1 exp(hea

i ; eb
k i=� )

(6)

where Aij represents the model's belief that anchor point
i corresponds to candidate patch j, and Ncand denotes the
total number of candidate patches. Note that we directly
reuse the similarity computations from Equation 5 to ensure
computational ef�ciency.

Using these soft matching weights, we compute the ex-
pected depth for the anchor point in the target frame as a
weighted average over all candidate patches:

d̂b
i =

N candX

j=1

A ij � db
j (7)

where dbj is the depth value at candidate patch j in frame
b. Note that this weighted summation is a standard Soft-
Argmax formulation that computes the expected depth E[d]
under the matching distribution. This makes the index se-
lection differentiable. To obtain robust depth estimates, we
apply average pooling over the spatial region corresponding
to each patch in the depth map.

The depth consistency loss then measures the discrep-
ancy between this expected depth and the ground-truth
depth at the corresponding point in frame b:

L depth =
1

Nvalid

X

i2valid

�
�
�db

i � d̂b
i

�
�
�

db
i + d̂b

i + �
(8)

where dbi is the ground-truth depth of point i at its corre-
sponding location pbi in frame b (obtained from the point
correspondence annotation), and the summation is over
points with suf�cient visibility and con�dence scores. The
relative formulation makes the loss scale-invariant to enable
it to handle scenes with varying depth ranges without re-
quiring per-scene normalization.

The gradient from this loss �ows back through the soft
matching weights A to the correspondence embeddings E.
L depth acts as a discriminative regularizer rather than a
depth estimator: This provides a crucial inductive bias: vi-
sually similar patches that reside at different depths in the
3D scene (e.g., a foreground object and a background wall)
are forced to have lower feature similarity, as they are not
valid correspondences. This geometric regularization com-
plements the contrastive loss, resolving ambiguities in sce-
narios with repetitive textures or foreground-background
confusion.
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