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Abstract. Feed-forward 3D reconstruction models such as DUSt3R,
VGGT, and Depth Anything 3 (DA3) are transformer–based founda-
tion models that infer camera geometry and dense scene structure in a
single forward pass. Trained at scale in a supervised fashion, they raise
a central question: do these models build upon geometric principles akin
to traditional multi–view pipelines, or do they primarily rely on learned
priors arising from the large–scale training setup? We find that epipolar
geometry emerges within the intermediate layers of all three models and
is causally linked to correspondence patterns in attention heads. To study
this, we perform a systematic analysis of their internal representations
across three real–world datasets and a controlled synthetic dataset. We
quantify geometric understanding by probing intermediate features, ana-
lyzing attention patterns to identify correspondence matching patterns,
and performing targeted interventions at the attention level. Further,
we assess the role of learned priors by applying challenging input–level
perturbations, such as occlusions, scene ambiguities, and varying camera
configurations, and compare them against classical multi–stage recon-
struction pipelines.

1 Introduction

Estimating 3D geometry from a set of 2D images has long been a fundamental
challenge in computer vision. Traditional approaches rely on geometry–constrained
pipelines that require a multi–step, sequential process: feature extraction, match-
ing, and refinement, followed by camera pose estimation and 3D point cloud re-
construction. These approaches, although mathematically precise, struggle with
ambiguities and lack robustness to scene dynamics and partial visibility, and can
be computationally expensive due to runtime optimization.

Recent deep learning approaches such as DUSt3R [41], MASt3R [21], VGGT
[39], and DA3 [22], have shown that 3D reconstruction can be achieved in a single
unified feed–forward step, replacing the traditional multi–stage pipeline. These
methods predict camera poses and dense 3D point maps from image sequences
using a functional mapping learned from large–scale labeled datasets. As all op-
timization is shifted to training, they run much faster than classical frameworks,
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and the priors learned from the data make them significantly more robust to am-
biguities and input variations. However, such learned functional mappings are
prone to fail in out–of–distribution cases. It is worth noting that the laws of 3D
geometry are universal and should not depend on the distribution of the training
data. Therefore, the question arises whether these models, while learning from
data, internally learn any geometric reasoning mechanisms similar to classical
multi–view pipelines, or do their capabilities primarily arise from learned priors?
If a geometric mechanism is indeed learned, it would guarantee a similar level
of robustness to out–of–distribution cases as with traditional pipelines, while
leveraging the complex learned priors in in–distribution scenarios.

In this work, we examine the underlying mechanisms of three representative
feed–forward 3D reconstruction models: DUSt3R, VGGT, and Depth Anything 3
(DA3). We aim to mechanistically understand how these models compute their
predictions and to determine whether their performance arises from internal-
ized geometric reasoning or predominantly from learned priors. In particular,
we investigate whether their representations encode fundamental principles of
multi–view geometry, such as correspondences and epipolar geometry.

To this end, we design a controlled study using different object-centric and
scenery datasets, and a controlled synthetic dataset with ShapeNet [8] objects
under various conditions, with complete scene information and all 3D attributes
being available. Our systematic analysis adopts two perspectives: (1) a geo-
metric perspective, where we probe the internal representations and perform
interventions to assess the causal effect of these representations on the fidelity of
the network representation in terms of epipolar geometry, (2) a data perspec-
tive, where we test the model’s robustness to interventions on input images to
study the (typically positive) influence of learned priors from data and training.

The studied models are jointly trained to predict dense scene structure and
camera geometry directly from a set of images in a single forward pass. Al-
though their architectural designs differ, none is explicitly trained to estimate
classical geometric entities such as the fundamental matrix. To evaluate their
use of geometric principles, we focus on a core property: epipolar geometry. The
fundamental matrix F ∈ R3×3 provides a natural lens for this analysis, as it for-
malizes the epipolar geometry between different camera views and corresponding
points observed in them. We therefore use F prediction as a proxy to assess how
much geometric information is encoded in the model’s internal representations.

Contributions. Our extensive study across real-world and synthetic datasets
reveals several key insights. (1) We show that the intermediate representations
in DUSt3R, VGGT, and DA3 encode epipolar geometry. (2) We identify a geo-
metric phase transition in the middle layers, where fundamental matrix recovery
coincides with the emergence of point correspondences in the attention space.
(3) Through targeted attention-knockout interventions, we establish a causal link
between correspondence formation and the encoding of epipolar geometry. (4)
From a data perspective, we show, using VGGT, that such models remain robust
to moderate disturbances, often outperforming classical pipelines. Under occlu-
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sions, they infer correspondences despite missing evidence, revealing reliance on
learned priors and a trade-off between robustness and geometric consistency.

2 Related work

Classical 3D reconstruction and multi-view geometry. Classical structure-
from-motion (SfM) pipelines [1,16,34,36] comprise several stages: feature detec-
tion, correspondence matching, camera pose estimation, and bundle adjustment,
and rely on hand-crafted features such as SIFT [24]. A central component of these
pipelines is estimating the fundamental matrix F, which encodes the epipolar
geometry between two views [16]. Minimal solvers such as the five-point [28]
and eight-point [17] algorithms recover F from sparse correspondences, usually
combined with robust estimators like RANSAC [13] to handle noisy correspon-
dences and outliers. Recent learned matching methods such as SuperGlue [32],
LightGlue [23], and LoFTR [38] significantly improve correspondence matching.
However, geometric relations such as the fundamental matrix are still estimated
using classical algorithms. In this work, we use epipolar geometry as a princi-
pled lens to study whether modern feed-forward reconstruction models internally
encode such geometric structure.

Feed-forward reconstruction models. Recent deep learning approaches
challenge the traditional multi-stage paradigm for 3D reconstruction. DUSt3R [41]
introduced a feed-forward formulation for dense 3D reconstruction from image
pairs without requiring known camera poses. MASt3R [21] improves robust-
ness to large viewpoint changes by augmenting the architecture with a dense
local feature head, while preserving DUSt3R’s robustness. VGGSfM [40] fur-
ther demonstrated that fully differentiable end-to-end reconstruction pipelines
can outperform classical SfM methods. More recent foundation models, such as
VGGT [39] and Depth Anything 3 (DA3) [22], directly infer depth and scene
geometry from image collections in a single feed-forward pass, achieving state-of-
the-art performance while significantly reducing inference time. Follow-up work
further accelerates inference [35,42] or extends these architectures to downstream
tasks such as SLAM and real-time reconstruction [26,47]. Despite these advances,
the internal mechanisms by which these models represent and reason about ge-
ometry remain poorly understood, a gap our work aims to address.

Interpretability and causal analysis. Understanding neural network mech-
anisms has become increasingly important, with much of the work centered on
LLMs [12, 29]. A common approach is the use of probing classifiers [2, 7, 20] to
test whether information is decodable from intermediate representations. For
computer vision tasks, Network Dissection and related work [5, 6, 45] quantify
the CNNs’ interpretability at individual units, whereas Chefer et al. [9] showed
that naive attention visualization can be misleading for transformers. Different
interventions, such as activation patching or causal mediation analysis [18, 44],
provide more substantial evidence by measuring the effects of modified activa-
tions within a model. However, little work has been conducted on interpretability
in geometric understanding for 3D vision models. El Banani et al. [11] do not
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analyze feed-forward 3D reconstruction models, but probe 2D vision founda-
tion models with a DPT head for depth, normals, and correspondences. Chen et
al. [10] assess 3D awareness and feature quality through a downstream novel-view
synthesis task, while An et al. [3] show that cross-attention layers can serve as a
zero-shot matcher. While these works show that visual or 3D foundation models
can exhibit correspondence-like behavior or encode 3D-aware representations,
they primarily provide observational evidence at the output. Recently, Stary et
al. [37] analyzed a variant of DUSt3R and studied the role of individual layers
and correspondences in multi-view transformers. Maggio et al. [25] analyze the
VGGT’s layers for image retrieval verification, while Han et al. [15] study the
emergent outlier detection ability in VGGT. We study where and how epipolar
geometry emerges inside models, providing a mechanistic and causal analysis
of how correspondence formation supports this geometry, rather than merely
showing that correspondences exist. We further analyze when models rely on
geometric evidence versus learned priors under perturbations.

3 Background

3.1 Epipolar Geometry

Here we provide a brief overview of epipolar geometry, but an extensive analysis
can be found in [16]. Epipolar geometry describes the projective relationship
between two cameras viewing the same 3D point. If a 3D point X ∈ R3 is
observed by two pinhole cameras, its image projections are

x1 = K1[ I | 0 ]X, x2 = K2[R | t ]X, (1)

where Ki are the camera intrinsics and (R, t) is the relative pose. A ray from
the first camera center through x1 defines an epipolar plane with the two camera
centers. Its intersection with the second image plane gives the epipolar line ℓ2,
on which the corresponding point x2 must lie. All epipolar lines intersect at the
epipole. This geometric relationship is expressed by the epipolar constraint :

x⊤
2 Ex1 = 0, E = [t]×R, (2)

where E is the essential matrix and [t]× is the skew-symmetric matrix repre-
senting the cross product with t. For uncalibrated cameras, the relation becomes

x⊤
2 Fx1 = 0, F = K−⊤

2 EK−1
1 , (3)

where F is the fundamental matrix.
Both the essential matrix E and fundamental matrix F have rank 2, as

E = [t]×R inherits the rank deficiency from the skew-symmetric matrix [t]×.
This constraint reflects the fact that all epipolar lines intersect at the epipole.
When estimating F from point correspondences, the rank-2 constraint is typ-
ically enforced by projecting the unconstrained solution onto the manifold of



On Geometric Understanding and Learned Priors in 3D Models 5

rank-2 matrices. Given an initial estimate F̂, we compute its singular value de-
composition F̂ = Udiag(σ1, σ2, σ3)V

⊤ where σ1 ≥ σ2 ≥ σ3, and set the smallest
singular value to zero:

F = Udiag(σ1, σ2, 0)V
⊤. (4)

This produces the closest rank-2 approximation in the Frobenius norm.
Evaluating Epipolar Geometry. We can assess the quality of an estimated

fundamental matrix using two metrics that quantify deviations from epipolar
consistency.

The algebraic error
ealg = x⊤

2 Fx1 (5)

measures the constraint satisfaction (which should be 0), but has no geometric
meaning directly and is scale-dependent. More geometrically meaningful mea-
sures are the Sampson error and the smallest singular value of F. The Sampson
error [31] represents a first-order approximation of the true geometric error:

dSampson =
(x⊤

2 Fx1)
2

∥(Fx1)1:2∥2 + ∥(F⊤x2)1:2∥2
(6)

Sampson error approximates the reprojection error, avoiding iterative optimiza-
tion. In practice, well-calibrated systems typically yield Sampson errors below
1–2 pixels, though acceptable values depend on image resolution, focal length,
and the application’s precision requirements. The smallest singular value of F
must be zero to satisfy the rank-2 constraint of the fundamental matrix. In
practice, the smallest singular value that is less than 10−3 of the largest singular
value is generally considered acceptable.

3.2 Feed-forward 3D Reconstruction Models

Here, we analyze three representative feed-forward 3D reconstruction models
covering different architectural paradigms.

DUSt3R [41] introduced the paradigm of feed-forward dense 3D reconstruc-
tion from arbitrary image pairs without requiring prior camera calibration or
pose information. The model predicts pointmaps expressed in the reference frame
of one view using an asymmetric transformer encoder–decoder architecture. For
multi-view inputs, pairwise predictions are aligned into a common coordinate
frame through a global alignment step performed at test time. This formulation
unifies depth, pose, and dense reconstruction within a single model and laid the
foundation for later feed-forward geometry models such as VGGT and DA3.

Visual Geometry Grounded Transformer (VGGT) [39] is a transformer-
based model that jointly predicts camera intrinsics, extrinsics, depth maps,
pointmaps, and 3D point trajectories from multiple views. It builds on a DI-
NOv2 [30] backbone with alternating frame-wise and global self-attention layers
to aggregate information across views. VGGT is trained on a large mixture of
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publicly available 3D datasets using direct supervision for camera pose estima-
tion, depth prediction, 3D point cloud reconstruction, and 3D point tracking.

Depth Anything 3 [22] predicts scene geometry from arbitrary visual in-
puts using a transformer backbone trained in a teacher–student framework. Un-
like the multi-task supervision used in VGGT, DA3 formulates the problem as
the joint prediction of depth maps and ray maps using a unified prediction head.
The model can optionally condition on input camera poses at inference and
achieves state-of-the-art performance on camera pose estimation and geometric
accuracy benchmarks, surpassing prior models, including VGGT.

3.3 Dataset Design

We conduct our study on synthetic and real-world datasets. Since all three mod-
els are trained on large, diverse datasets, ensuring meaningful out-of-distribution
evaluation and analysis of certain scenarios requires careful dataset selection.
Thus, we construct a custom ShapeNet-based synthetic dataset that provides
complete geometric ground truth and allows systematic scene manipulation.
Here we briefly describe the three real-world and custom synthetic datasets,
while more details and visual examples are provided in the supplementary.

Real-world datasets. DTU MVS [19] is a controlled dataset of 124 object-
centric scenes photographed from 49 fixed positions under structured-light ground
truth. ETH3D [33] is a precise, high-resolution, multi-view dataset covering di-
verse indoor and outdoor scenes. MipNeRF360 [4] comprises nine unbounded
outdoor and indoor scenes captured with a consumer camera and reconstructed
via COLMAP. Camera poses and correspondences are derived from COLMAP
sparse reconstructions, while for DTU, we use depth maps from MVSNet [43].
To ensure diversity in viewpoint separation while improving control over the
data distribution, we bin image pairs by the true 3D angular distance between
the cameras and sample from the bins for MipNeRF360 and DTU. For ETH3D,
we include all pairs since its scenes, although diverse, contain only a relatively
small number of images. We provide additional analysis using the semantic cor-
respondences from the SPair71k dataset [27] in the supplementary.

Custom ShapeNet dataset. To model diverse scenarios, we generated a
controlled synthetic dataset from ShapeNet [8] assets rendered in Blender, which
enables precise control over scene properties and complete geometric ground
truth (camera parameters, depth, correspondences, fundamental and essential
matrices) for precise analysis. We selected two types of objects: 10 different
categories of unique assets with distinctive features and 5 different categories of
symmetric assets (e.g., bottles, vases) that introduce correspondence ambiguity.
We use focal lengths ranging from 24 mm to 100 mm with a standard 36 mm
camera sensor, and distinguish between 4 camera configurations: a stereo setup
with parallel image planes and a horizontal baseline, and three different non-
parallel image planes with different angular baselines, categorized as small (10–
25 degrees), medium (45–75), and large (90–120). For robustness experiments,
we created ambiguous scenes with repetitive objects.
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4 Geometric interpretability

DUSt3R, VGGT, and Depth Anything 3 (DA3) are trained to predict cam-
era geometry and dense 3D structure through supervised objectives specific to
their respective formulations. To evaluate whether these models develop geomet-
ric reasoning beyond their explicit training targets, we examine their ability to
represent the fundamental matrix via probing. Since the fundamental matrix is
never directly supervised, this independent probing avoids confounding effects
from task-specific heuristics and strong supervision on camera pose and intrin-
sics, although F can be derived algebraically from pose and intrinsics. Further,
layer-wise probing also allows us to localize where this geometric information
is encoded in the network layers, providing deeper insight into how geometric
structure develops across the network.

4.1 Do these models encode geometry? If so, where?

We probe intermediate layers to determine where, and to what extent, informa-
tion about the epipolar geometry can be recovered from these representations.

Experiment setup. We train simple two-layer MLP probes on intermedi-
ate representations at each layer to predict the fundamental matrix. Given the
differences between the architectures, we use camera tokens from each layer for
VGGT and DA3, and averaged features after each decoder block for DUSt3R.
Each probe utilizes a hidden dimension of 512 and is optimized for 30 epochs
using the squared Sampson distance as the training loss on ground-truth corre-
spondences, without directly enforcing the rank-2 constraint. We train probes
on each dataset separately, and report the root Sampson error in pixel space
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Fig. 1: Probing internal representations for fundamental matrix approxima-
tion. We successfully recover the fundamental matrix from all three models on both
synthetic and real-world datasets. However, the emergence trends differ across models:
models with camera-tokens (VGGT and DA3) exhibit a similar pattern, with clear
change in the middle layers and strong performance in the final layers. DUSt3R shows
strong performance already in the early layers, with slight degradation towards the end.
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across unseen data splits. We further perform a similar analysis using image
triplets and probing for all available fundamental matrices. Additional details
and results are provided in the supplementary.

Results. Figure 1 shows that the fundamental matrix can be reliably recov-
ered from all three models (VGGT, DA3, DUSt3R) across different datasets
(ShapeNet, ETH3D, DTU). The location and the trends of the emergence, how-
ever, differ. In VGGT and DA3, the ability to recover the fundamental matrix
emerges roughly in the middle layers (layers 12–14). Performance continues to be
refined through the final layers. The sudden improvement in error within a few
layers suggests that the necessary information for establishing epipolar geometry
is formed in these layers. The layers in DA3 correspond to those immediately
after global attention is introduced. As a second criterion, we also check the
smallest singular value of the predicted F. We observe that it attains its mini-
mum within the same set of layers and is approximately 2.5e−4 smaller than the
maximum value, further supporting the emergence of epipolar geometry within
these layers (see supplementary).

DUSt3R, on the other hand, exhibits a different trend, in which the funda-
mental matrix emerges in the early decoder blocks and refines throughout the
layers with slight divergence in the last layers. We speculate that this divergence
arises due to independent target heads in the model.

Since all models encode the fundamental matrix in their representations,
with the emergence followed by a sudden improvement over a few layers, this
suggests that these layers serve a specific purpose. An obvious candidate is that
the network’s attention maps capture a correspondence structure across views.

Epipolar geometry emerges in the internal representations of feed-forward
multi-view transformers. In camera-token based architectures, it appears
in the middle layers and is progressively refined towards the final layers.

4.2 How do attention maps encode correspondences?

Probing reveals the emergence of learned epipolar geometry in the intermediate
layers. However, we do not yet know how the model recovers this information. To
this end, we aim to discover the underlying correspondence-matching patterns in
the attention maps of those layers across two views. Following [3], we hypothesize
that these correspondences are computed by global (cross) attention layers.

Experiment setup. We analyze the query-key (QK) attention space to
identify correspondence matching. For each patch token in the source image, we
locate the patch in the target image that receives the highest attention and calcu-
late accuracy based on whether this target patch corresponds to the true match-
ing patch. When a source patch maps to multiple target patches due to patch
discretizations, we count a hit if any of the correct positions receive the maxi-
mum attention. We evaluate all unique patch correspondence pairs and report
the average correspondence accuracy over our controlled ShapeNet’s test set of 5
scenes from different object categories, taken at a 50 mm focal length, averaged
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across sampling modes that cover different camera-pair configurations. We ana-
lyze all available cross- and global-attention layers in the model: 24 for VGGT,
8 for DA3 (starting at layer 9), and 12 for DUSt3R. We compare the forward
direction (view 1−→view 2) and reverse (view 2−→view 1). Further, we analyze
feature-space similarity to assess whether correspondence-matching information
is retained in the representation outside of attention space. Details, real-world
results, and feature-similarity results are provided in the supplementary.

Results. Figure 2 shows strong correspondence matching activity in mul-
tiple layers and heads across all three models. In VGGT, strong correspon-
dence matching across multiple attention heads is observed in the middle layers,
roughly between layers 10 and 16. This behavior begins around layer 10 and pre-
cedes the sharp improvement in fundamental matrix recovery at layers 13 and 14
(see Fig. 1). This suggests a connection between correspondence estimation and
the emergence of epipolar geometry within the network. We observe a similar
trend for DA3, which, despite having layer 9 as the first global-attention layer,
has the strongest correspondence matching across the middle layers of the com-
plete architecture. DUSt3R, however, exhibits strong correspondence-matching
performance from the early decoder layers, while performance continues to im-
prove in the middle layers. This is again well aligned with the probing results
in Fig. 1, where DUSt3R exhibited decent results already in the early layers.

Further, both VGGT and DA3 have symmetrical patterns, meaning that
the same heads and layers perform correspondence matching equally well in both
forward (F 1−→2) and reverse (R 2−→1) directions. On the other hand, DUSt3R’s
activation patterns are asymmetric, with the reverse direction exhibiting stronger
correspondence-matching performance and a greater number of active heads. We
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Fig. 2: Correspondence matching per attention head. We compare correspon-
dence matching performance using the QK attention space for forward (view 1−→view
2) and reverse (view 2−→view 1) directions. Strong matching performance is established
in the layers, which immediately precede the transition observed in Fig. 1. Middle lay-
ers are active for both VGGT and DA3, whereas DUSt3R exhibits correspondence
matching already in the first block and asymmetrically active heads in different direc-
tions, stemming from its asymmetric decoders.
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believe the difference stems from VGGT and DA3 using global attention layers,
whereas DUSt3R has asymmetric cross-attention decoders.

We also analyzed QK-space patterns across other layers to identify inter-
pretable behavior. We observed that early layers in VGGT exhibit semantic
alignment, where visually similar parts are matched (e.g. a chair leg in one view
matches another chair leg in the second view), but not necessarily to the correct
instance. More details are included in the supplementary.

Point correspondence matching appears in the mid-layer attention heads
as a key mechanism, enabling geometric alignment across views.

4.3 Do these attention patterns play a causal role?

The previous observations establish a correlation between the emergence of
epipolar geometry via fundamental matrix recovery and the correspondence-
matching patterns in the same set of intermediate layers. To determine whether
the attention patterns are truly a cause of the geometric encoding observed
in Fig. 1, we perform targeted interventions on the attention heads that we
hypothesize are responsible for the epipolar representation.

Experiment setup. We intervene on the QK attention space using attention
knockout, a method similar to Geva et al. [14], where we zero out activations for
specific layer-head combinations of the attention map for different levels of local-
ity, ranging from zeroing out the whole attention head (Whole head), to the most
local with just the corresponding patches (Patch in Fig. 3). We select interven-
tions based on the high correspondence-matching performance of the layer-head
combinations, along with two baselines: early/late layer-head combinations with
lower matching performance. We do not intervene in the task-specific decoder
heads, which are shared across clean and intervened runs; therefore, they cannot,
by themselves, explain the intervention-induced gaps.

To perform the analysis, we require dense correspondence ground truth.
There, we conduct the experiment on our controlled ShapeNet data and report
median results across all sampling modes at a 50 mm focal length over the test
set of 5 categories. Additional combinations, details on the intervention locality,
and results are provided in the supplementary material. We report the differ-
ence in the Sampson distance between the baseline and the intervened model,
where we approximate the fundamental matrix using the model’s camera pose
predictions. For DUSt3R, this requires post-processing steps that can result in
invalid camera poses, which we consider a failure case.

Results. Figure 3 demonstrates strong causal effects for all three models:
across all four locality levels (whole heads, image map, block, and patch), the
same layer-head combinations reduce Sampson error, whereas other early/late
layers do not. This rules out OOD disruption as the explanation and shows
that correspondence-matching heads have functional information for geometric
reasoning. In VGGT and DA3, disrupting the high-performing attention heads
in the middle layers degrades the Sampson distance error to such a large degree
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Fig. 3: Performance degradation under attention interventions on 4 local-
ities. Disrupting random early or late layers has minimal impact on performance,
whereas intervention on high correspondence-matching layers causes significant degra-
dation. The degradation is consistent across all models and at all levels of locality. *For
DUSt3R, we report results only for valid cases for Image map and Whole heads, since
72% of cases result in invalid predictions.

that it can be regarded as a complete failure. Intervening on random early or
late layers, on the other hand, has no significant impact. There are two types
of effective interventions: (1) multiple heads within a single layer, and (2) fewer
heads distributed across multiple layers. These correspond to the middle bars
in Fig. 3. For instance, in VGGT, disabling only four heads in a single layer
already leads to substantial degradation.

However, DUSt3R exhibits a slightly different behavior from VGGT and
DA3. Intervening in the early layers significantly affects performance, consistent
with the strong correspondence-matching observed in those layers. Thus, while
the layer location differs, the overall trend remains aligned with the other models.
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Moreover, for the first two intervention types (Whole heads and Image map),
where we zero out the entire head or the full attention map (keys set to 0),
DUSt3R frequently produces invalid camera pose predictions. This suggests
that its cross-attention mechanism is more sensitive to disruption than the global
attention used in VGGT and DA3 in this setting.

These results support our hypothesis: disabling attention heads that exhibit
strong correspondence matching leads to significant degradation in the encoded
epipolar geometry. However, this does not conclusively prove that correspon-
dence matching alone is responsible for the emergence of epipolar geometry.
These heads may also encode additional mechanisms that contribute to the ef-
fect. This becomes evident in more localized interventions: while the same degra-
dation trend persists, but the error scale change. Even when exact patch-to-patch
correspondences in the QK space are removed, nearby patches still provide suf-
ficient signals for the model to partially recover geometric information.

Intervening on the attention patterns for point correspondences shows a
causal relationship between those attention heads and the epipolar geom-
etry representation by the model.

5 The role of learned priors in VGGT

While our geometric analysis includes three models, we focus on VGGT here to
study how much robustness arises from learned priors rather than geometry. We
consider VGGT a strong representative model for this study because it provides a
cleaner experimental setup and operates without pose-conditioning at inference,
unlike DA3. Additionally, there is no clear indication of a fundamental difference
between VGGT and DA3; therefore, we focus on VGGT to get deeper insights.

Recent models such as VGGT and DA3 are trained on large datasets and
leverage pretrained self-supervised models such as DINOv2. This raises an impor-
tant question: to what extent does the model’s advantage come from data-based
appearance priors and pre-training priors, and how well do these capabilities
generalize beyond the training distribution? To explore this, we evaluate the ro-
bustness of VGGT’s geometric predictions under controlled input perturbations.
We consider (i) appearance-based 2D perturbations, such as occlusions, and (ii)
rendered 3D perturbations with structural ambiguities, light-source, and cam-
era configuration changes. To assess the model’s robustness, we compare VGGT
against classical geometry-based methods and learned correspondence methods.

5.1 How well does VGGT handle occlusions?

To evaluate how well VGGT performs under missing visual information, we
examine the impact of occlusions on correspondence matching and resulting
geometric predictions. We simulate occlusions by masking key regions of the
image. In principle, the model could address this challenge in multiple ways: by
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utilizing global geometric reasoning, inferring missing information from learned
priors, or simply ignoring the occluded areas.

Experiment setup. We intervene on input images by randomly selecting
patches with known correspondences and masking them along with their sur-
rounding regions (3×3 patch neighborhoods); see Fig. 4. We perform inference
twice: first on the clean image pair and then on a pair in which one image is
partially occluded. We report the change in Sampson distance error (in pixels)
and the number of attention heads in which the correspondence is matched,
averaged over all intervened correspondences in a scene. Results are averaged
over 40 scenes at a focal length of 50 mm, with small viewpoint differences
(10-25 degrees) in our controlled ShapeNet dataset. We also compare VGGT’s
performance with the 8-point algorithm on all matched correspondences from
SIFT [24] and SuperGlue [32]. See supplementary for additional analysis.

Results. Figure 4 (left) shows the results for one case in which we masked
four object patches for occlusion analysis, together with their corresponding
ground-truth patches. For each occluded patch, we show the number of heads
in which the occluded correspondence was matched (green for the clean version
and red for the occluded version). Correspondence matching, measured by the
number of matched heads (a maximum of 24 layers × 16 heads = 384 heads),
shows that matched heads decrease for corrupted patches but do not collapse
entirely. Figure 4 (right) reports the average number of matching heads before
and after occlusion for the occluded patches. While there is a clear drop in
matching heads, approximately 50% of heads are retained, indicating that the
model does not ignore occluded regions but recovers correspondences through
some inpainting behavior. This phenomenon may arise from the mask-based
IBOT [46] loss in DINOv2 [30], which is trained to recover the masked content.

Fig. 4: Occlusion experiment. (Left) We occlude image two from a pair with white
patches and report the correspondence matching ability in all layers only for the masked
patches. The occluded model shows lower matching performance yet remains above
zero. (Center) We measure the changes in the Sampson error for clean and occluded
image pairs where VGGT has a minimal degradation in performance, but others are
significantly affected. (Right) We show the average number of heads with correspon-
dence matching on occluded patches for the clean and occluded models.
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Additionally, VGGT shows only a slight degradation in the Sampson error,
indicating that the epipolar geometry is still restored, whereas the other multi-
stage baselines show clear degradation, shown in Figure 4 (center).

VGGT shows robustness to occlusions, preserving epipolar geometry by
partially recovering matching heads for the occluded correspondences.

5.2 How robust is VGGT to scene perturbations?

We investigate the role of learned priors under controlled 3D perturbations that
introduce structural ambiguity (e.g., symmetric and repetitive objects) and vari-
ations in lighting, focal length, and camera configuration. As expected, we ob-
serve that VGGT remains stable under moderate appearance and viewpoint
changes, including focal length variations, with only limited degradation in ge-
ometric accuracy. Notably, when we generate challenging scenes with repetition
and symmetry, for example, identical objects arranged in a circular pattern,
classical pipelines struggle to establish reliable correspondences, whereas VGGT
remains comparatively robust when asymmetric lighting introduces subtle cues
that help disambiguate the scene. In contrast, under fully symmetric lighting and
object configurations, where no disambiguating signals are present, all methods
fail as expected, confirming that the task is geometrically underconstrained.

Overall, these results indicate that VGGT benefits from learned data-based
appearance priors to resolve partial ambiguities, outperforming both classical
and learned correspondence-based methods in such regimes, while still respect-
ing the fundamental limits imposed by multi-view geometry when no disam-
biguating evidence exists. Detailed experimental setups, quantitative results, and
additional analyses are provided in the supplementary material.

VGGT leverages learned visual cues to resolve partially ambiguous scenes,
but like classical methods, it fails when the scene is fully geometrically
symmetric.

6 Discussion

Our geometric analysis provides evidence that modern feed-forward 3D recon-
struction models such as DUSt3R, VGGT, and Depth Anything 3 encode epipo-
lar structure in their intermediate layers. A closer examination of these layers
shows that several attention heads also capture point correspondences across
views. The strong alignment between these emergent correspondences and ge-
ometric constraints suggests that these models organize information (at least
partially) geometrically. Intervening on the most involved attention heads fur-
ther confirms their functional role in encoding geometry.

While the overall behavior is consistent across the models, we observe small
differences in where exactly this information emerges. In VGGT and DA3, which
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use global attention in the decoder and predict in a unified 3D space, correspon-
dences and geometric information appear in the middle layers. DUSt3R, in con-
trast, encodes this information early in the decoder layers. These results show
that models share similar geometric mechanisms, but their architecture changes
where this encoding occurs.

Our analysis of learned data priors reveals that VGGT partially fills in miss-
ing correspondences in scenes with occlusions. While input perturbations de-
grade both correspondence matching and geometric accuracy, the degradation is
not significant. Particularly, the correspondence matching performance remains
above zero in the occluded patches. This non-zero matching indicates that the
model hallucinates missing correspondences rather than ignoring the occluded
areas. While hallucinations could be beneficial if correct, it is fundamentally
impossible to resolve single-view ambiguity when one of the two images is oc-
cluded, making this behavior potentially undesirable for reconstruction tasks.
At the same time, VGGT remains robust in scenes with local feature ambigu-
ity, leveraging global context and subtle cues such as shadows or lighting that
classical pipelines fail to exploit.

7 Conclusion

We presented a systematic study of modern feed-forward 3D reconstruction mod-
els, focusing on DUSt3R, VGGT and Depth Anything 3, to determine whether
they employ interpretable geometric concepts or rely primarily on learned pri-
ors from data and model. Our results show that these models encode geometric
structure and strongly indicate that they use point correspondences to do so. Fur-
ther, our input perturbation experiments reveal that the models rely strongly on
learned priors, which provide robustness to input variations but can also lead to
undesirable hallucinations.
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