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Abstract. A fundamental challenge in 3D reconstruction and robotic
localization is co-visibility: determining which image pairs share over-
lapping visible surfaces, particularly in scenarios with minimal overlap.
We demonstrate that VGGT implicitly encodes co-visibility as an emer-
gent behavior: without any supervision for this task, its internal repre-
sentations exhibit a clear hierarchical structure mirroring that of large
language models — early layers build a 3D-aware scene representation,
while late layers act as dedicated co-visibility reasoners. In particular,
we identify layer L17 as a negative anchor that consistently routes non-
co-visible pairs for this backbone, regardless of the evaluation setting,
providing task-grounded evidence of layer specialization in a geometry-
grounded foundation model. Building on this, we introduce Co-VGGT,
which freezes VGGT and trains only a lightweight layer-wise mixture-
of-experts head (~7.5M parameters) to classify co-visibility from RGB
alone, treating each layer as a specialized expert whose geometric ab-
straction is adaptively weighted per input pair. On the Co-VisiON bench-
mark, Co-VGGT surpasses the human annotation baseline and improves
over prior work by more than 25% pairwise and 10% multiview. Pairwise
predictions are well-calibrated (ECE = 0.030), enabling direct use as edge
weights in visibility graphs for downstream SfM and SLAM pipelines
without post-hoc correction. Code and data available?.

Keywords: Co-visibility - Multiview Geometry - Embodied perception

1 Introduction

Robotic perception and 3D reconstruction systems typically operate on sparse,
imperfect image sets rather than isolated, perfect views. A fundamental chal-
lenge in these pipelines—whether for mapping, localization, or scene reconstruc-
tion—is determining co-visibility, the subset of surfaces jointly observed by mul-
tiple cameras. High co-visibility yields abundant geometric constraints and stable
optimization. Conversely, when spatial overlap is limited or absent, matching be-
comes ambiguous and pose estimation drifts. In these scenarios, reconstruction
pipelines often fail silently, generating plausible but geometrically inconsistent
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Fig. 1: Co-visibility Task. We study co-visibility prediction: given multiple RGB
views of a scene, the goal is to determine which image pairs share overlapping vis-
ible regions. Our approach probes geometric consistency in a frozen VGGT founda-
tion model, extracting layer-wise view embeddings and combining them through a
lightweight mixture-of-experts head. Without modifying the backbone, the model ag-
gregates information across transformer layers to produce a co-visibility probability for
each pair, enabling efficient construction of scene-level visibility graphs.

structures. Operating in this sparse-view regime is not an edge case but rather a
standard condition for embodied agents navigating complex, occluded environ-
ments.

Despite advances in multiview transformers and learned reconstruction mod-
els, performance drops significantly as spatial overlap decreases. Under these con-
ditions, fusion modules misalign features, learned descriptors drift, and global
reasoning degrades into spurious correlations. Recent benchmarks, such as Co-
VisiON 8], explicitly isolate this co-visibility reasoning, exposing a critical per-
formance gap between current models and human baselines in sparse, highly im-
balanced scenarios. Bridging this gap is essential for robotics: robust co-visibility
estimation dictates which view pairs to match, which constraints to trust, and
when to flag reconstruction failures.

Concurrently, geometry-grounded foundation models present a promising al-
ternative. The Visual Geometry Grounded Transformer (VGGT) demon-
strates strong emergent geometric reasoning; without explicit 3D supervision, it
infers scene structure and reconstructs geometry even across widely separated
viewpoints. Similar to emergent phenomena in large language models, VGGT’s
internal representations encode latent structures that transcend its immediate
training objective. However, the exact nature of these spatial reasoning signals
and the methodology to extract them for embodied decision-making remain
poorly understood.

In this work, we show that frozen VGGT features contain a strong, directly
usable signal for co-visibility estimation (see Fig. [1)). Furthermore, we find that
specific late VGGT layers act as consistent anchors for co-visibility decisions,
while earlier layers encode broader scene-aware geometric representations. Lever-
aging this property, we propose Co-VGGT, an MoE head in which each layer
acts as an “expert” whose geometric abstraction is adaptively weighted per im-
age pair. Compared to single-layer probing, this routing improves accuracy and



What VGGT Knows About Overlap 3

calibration while exposing which layer cues drive each decision. Relying solely on
RGB inputs, Co-VGGT achieves near human-level accuracy on the Co-VisiON
benchmark. It surpasses the current state-of-the-art by over 25% in pairwise co-
visibility prediction and nearly 10% in multiview inference. We further observe
that co-visibility reasoning is dominated by late layers, whereas earlier layers
contribute more general geometric context.

Our findings indicate that geometry-grounded foundation models encode spa-
tial priors that are far richer than those obtained through conventional con-
trastive or matching-based pretraining. Furthermore, these signals can be effi-
ciently distilled into modular predictors. Such predictors could be integrated into
reconstruction pipelines: a dedicated co-visibility head can refine overlap predic-
tion and serve as an auditing mechanism, identifying inconsistent constraints
and detecting early-stage failures to support reliable embodied autonomy.

In summary, our contributions are as follows: (i) we introduce Co-VGGT,
achieving near human-level co-visibility from RGB and improving the Co-VisiON
SOTA by >25% (pairwise) and ~10% (multiview); (ii) we provide evidence
that VGGT implicitly encodes co-visibility structure across its layers, expos-
ing emergent spatial priors that are absent in standard supervised baselines;
and (iii) we show that Co-VGGT is robust to minimal overlap scenarios and its
well-calibrated outputs (ECE =0.030 on Gibson val) enable direct use as edge
weights in visibility graphs, providing a practical auditing signal for SfM and
SLAM pipelines without post-hoc correction.

2 Related Works

Co-visibility prediction sits at the intersection of 3D reconstruction, feature
matching, and geometric reasoning. We review the most relevant lines of work,
highlighting how each studies co-visibility as an explicit, predictable signal. In
doing so, we ground our approach within the broader landscape and clarify what
makes it fundamentally distinct from all prior work.

Co-visibility in Reconstruction and Matching Pipelines. Co-visibility is
handled implicitly in classical SfM and SLAM through feature matching and
geometric verification [6,26], degrading under weak texture or large viewpoint
changes. Learned SLAM methods [32}|41] and implicit neural mapping [29}/42]
improve robustness but still require sufficient overlap, while systems with explicit
graph structures — Kimera [24], Hydra [15], and situational graphs [4] — treat
co-visibility as a derived post-hoc quantity. Learned matchers — SuperGlue |25],
LightGlue [19], Efficient LoFTR, [36], and OmniGlue [16] — estimate matcha-
bility conditioned on the existence of overlap and cannot flag non-overlapping
pairs, while retrieval methods like NetVLAD [2] conflate semantic similarity
with geometric overlap. We instead predict co-visibility directly from RGB as a
dedicated, calibrated first-class signal before any reconstruction is attempted.
Geometric Foundation Models and Sparse-View Reasoning. DUSt3R 35|,
MUSt3R [5], MVSNeRF [7], and MV-DUSt3R+ [39] have advanced multiview
geometry estimation; yet, all degrade in sparse-view regimes where co-visible
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Fig.2: Overview of the Co-VGGT method. Input RGB views are processed by
the frozen VGGT backbone to extract layer-wise features. These features are projected,
summarized, and formed into per-view embeddings. In both pairwise and multiview
modes, these embeddings are used to construct pair features, which are then fed into a
trainable Mixture-of-Experts (MoE) head to predict co-visibility probabilities, enabling
the construction of scene-level visibility graphs. Tensor shapes are annotated for key
intermediate representations.

surface support is limited. VGGT achieves emergent 3D reasoning with-
out explicit geometric supervision; we show its internal representations encode
a hierarchically-organized co-visibility signal that can be distilled without mod-
ifying the backbone. The Co-VisiON benchmark formalizes this as graph
inference over sparse indoor views, exposing a critical performance gap that our
approach substantially closes.

VLMs, Geometric Distillation, and Transformer Interpretability. VLMs
such as GPT-40 , Gemini , and SpatialRGPT |§[| show emergent spatial
reasoning but remain unreliable for precise 3D consistency under significant view-
point changes, as confirmed by our experiments. Recent distillation approaches
inject geometric priors into frozen language backbones , but target general
scene understanding rather than co-visibility. Meanwhile, probing work localizes
capabilities to specific transformer layers , with reasoning concentrated
in the late layers of LLMs and global semantics in the late layers of vision
transformers . We provide the first task-grounded evidence of an analogous
hierarchical structure in a geometry-grounded model, identifying the late VGGT
layers — particularly L17 — as decisive co-visibility reasoners.

3 Method

We address co-visibility estimation simply using RGB inputs by training a
lightweight binary classifier on top of a frozen geometric foundation model. Given
a set of views from the same scene, the goal is to predict whether each view pair
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shares any jointly visible surface region to reconstruct the scene-graph. Our
model operates in two regimes: (i) pairwise, where each training example is a
single pair of images; and (ii) multiview, where each example is an entire scene
containing many views and labeled pairs. An overview of the method is shown
in Fig.

Importantly, pairwise inference is a special case of multiview with N=2 and
a single pair. This unified formulation allows training in multiview mode and
evaluation in both pairwise and multiview settings without architectural changes.
Problem Setup. Let Z = {I,}J_; be a set of RGB views of the same scene,
with I, € R3>*H>W For any pair (i,7), the target is a binary co-visibility label
yi; € {0,1}. In the pairwise setting we predict a single labeled pair per sample
(§=2). In the multiview setting we process S>2 views jointly and predict a set
of labeled pairs P = {(ip, jp, yp)};;:l, which defines a co-visibility graph over the
views.
Backbone and Summarization. We use a pretrained VGGT backbone &
as a frozen feature extractor. Given a batch X € RBEXSX3XHXW ' we oxtract
patch-token features from selected layers ¢ € {1,...,L}: T = &) (X) ¢
RE*SxProixCraw ~ All parameters of @ remain frozen. To obtain compact per-
view embeddings, we (i) project token channels and (ii) summarize tokens with
learned queries. We first apply a shared linear projection with LayerNorm:
TO = LN(T(‘V))W)7 where W € RCawXCoroi  Then, for cach view we summa-
rize Piok tokens into T summary tokens via cross-attention with learned queries
Q € RT%Chroj;

St — Attn(Q,'f‘ge), ’f‘g)) e RT*Crroi () — vec (Sg)) €RP, (1)

with D = T Clyoj. This yields per-view, per-layer embeddings {egé)}éLzl.

Pair Representation & MoE Head. Following [10}/13,[21], to enhance the
embedding representation for each labeled pair (i,7) € P and layer ¢, we build
a symmetric pair feature:

0 _ [e@ o®), el — )|,

ij i e —¢€

el 0 e’ e RIP. 2)

Based on the assumption that VGGT mirrors the hierarchical reasoning struc-
ture of LLMs, in our method, each layer acts as an “expert” that predicts a logit

zi(f) from fi(f), while a gating network assigns mixture weights across layers:
2 = MLP,, (LN(fi(f))) . al¥ = softmax, (MLPgate(LN(fff)))) NE)

The final logit and probability are

as illustrated in Fig. 3]
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Fig. 3: Co-visibility Estimation Head. Given a set of sparse RGB views (left),
our method leverages the frozen Visual Geometry Grounded Transformer (VGGT)
to extract layer-wise view embeddings. A lightweight, trainable Mixture-of-Experts
(MoE) head (center) adaptively aggregates these multi-scale features to predict pair-
wise co-visibility probabilities. The resulting predictions form a dense scene-level vis-
ibility graph (right), identifying overlapping regions between disjoint viewpoints to
guide robust 3D reconstruction and robotic perception.

Training Objective. We optimize the projector, summarizer, expert, and gate
parameters with binary cross-entropy on logits:

L= W Z KBCELogitS<Zij7yij)' (5)
(4,4,9i5)EP

In pairwise mode |P|=1, while in multiview mode, we average over all labeled
pairs in the scene. Although co-visibility resembles image similarity, naive em-
bedding matching is brittle under viewpoint changes, occlusion, and texture am-
biguity. This structure empirically reduces false positives in low-overlap regimes
while improving calibration.

3.1 Zero-Shot Evaluation

We introduce a zero-shot baseline that predicts co-visibility without any train-
able parameters. The classification head and mixture-of-experts are removed,
and scores are computed directly from frozen VGGT features using cosine simi-
larity. Given a pair of RGB images, we extract layer activations {T() | from
the frozen backbone and apply a pooling operator P(-) to obtain per-view em-
beddings e®) € RP. Embeddings are then computed for each of the considered
layers (see Tab. [f] for details).

For a pair (¢, j), we compute the cosine similarity per layer and average across

layers:
L (6 ot )>

LT LT o, € o
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Finally, we rescale to [0, 1] to obtain a pseudo-probability pZ® = (¢;; +1)/2,
which is evaluated using the same metrics as the trained models.

4 Experiments

We evaluate our method on the Co-VisiON benchmark across both HM3D and
Gibson environments. We report results for the pairwise and multiview set-
tings and include the zero-shot method described in Sec. All experiments
use AdamW with a learning rate 1074, a batch size of 32, and a weight decay
1074, trained for 50 epochs using the results corresponding to the best AUC
value. In the multiview setting, peak performance is reached around 30 epochs,
whereas in the pairwise setting, it converges within 10 epochs.

4.1 Dataset & Metrics

Co-VisiON |[8] evaluates co-visibility reasoning in sparse indoor view sets. Each
sample consists of a small collection of RGB views from the same scene, and
the task is to predict a binary co-visibility graph, where an edge (i, j) is positive
iff the two views share non-zero co-visible surface area. The benchmark spans
Gibson [38] (80/20 split) and HM3D |23] (90/10 split), comprising 85/755 scenes
and 33,849/210,008 labeled pairs, respectively. Moreover, all validation scenes are
disjoint from training scenes, so performance reflects generalization to unseen
environments, akin to a zero-shot setting. For detailed specifics, refer to [§].

The dataset also reports a human baseline for the Gibson multiview setting.
However, this should not be interpreted as a definitive measure of human-level
performance, but rather as an indicative reference point. Given the presence of
artifacts in Gibson, the true performance achievable by humans under cleaner
conditions is likely higher.

We use the same protocol for pairwise and multiview settings since both pro-
duce pairwise co-visibility scores that define an adjacency matrix. For a scenario
with N views, the model outputs scores d;; € [0,1], forming D € [0,1]V*V]
which are compared to the ground-truth adjacency A € {0,1}¥*¥. The only
difference is how scores are computed: independently per pair in the pairwise
setting, or jointly from multiple views in the multiview setting.

Given a threshold 7, we binarize D as A(r) = I[D > 7] (symmetric, zero

diagonal) and compute the Graph IoU: IoU(1) = ES?E:;: We report the best-

threshold IoU (denoted as IoU" in the tables), IoU" = max,¢[,] IoU(7), and
the area under the IoU-threshold curve over 7 € [0,1], defined as AUC =
fol IoU(7) d7. Metrics are computed per scenario and averaged over the split.

Additional metrics results (e.g., F1 score, Accuracy) are provided in Sec. A.6 of
the Supplementary material.

4.2 Results

Tabs. report co-visibility prediction performance on Co-VisiON in the pair-
wise and multiview settings, measured with Graph IoU* and AUC. Our Co-
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VGGT consistently achieves the best results across datasets and evaluation pro-
tocols. In the pairwise setting (Tab. [I)), Co-VGGT attains 0.85/0.78 IoU*/AUC
on Gibson and 0.84/0.78 on HM3D, substantially outperforming strong learned
baselines such as Covis [8] (0.56/0.54 on Gibson; 0.53/0.51 on HM3D) and re-
construction based DUSt3R [35] (0.54/0.54 on Gibson; 0.40/0.40 on HM3D).
Prompting large VLMs yields competitive results relative to earlier learned mod-
els (e.g., GPT-4o 22| reaches 0.58,/0.58 on Gibson and 0.54/0.54 on HM3D), but
remains far behind Co-VGGT, indicating that explicit geometric specialization
is critical for reliable overlap reasoning under sparse viewpoints.

In the multiview setting (Tab. [2), Co-VGGT again leads with 0.74/0.72 on
Gibson and 0.76/0.74 on HM3D, surpassing Covis/Covis-freeze and multiview
reconstruction (MV-DUSt3R+ [30]). Interestingly, performance in multiview is
lower than in pairwise, which is counterintuitive for reconstruction-style models
but can be explained by our current multiview embedding extraction, which
aggregates features across many views and yields noisier per-view vectors for
the downstream pair classifier.

On Gibson, Co-VGGT also exceeds the reported Human Annotation baseline
(0.72/0.72) [8], suggesting that the learned head on top of frozen VGGT features
captures geometric cues that are difficult to assess reliably from sparse RGB
images presented to humans.

We note that for sparse view sets (small N), running the pairwise model
exhaustively over all (g] ) pairs and assembling the graph post-hoc yields superior
calibration and accuracy (0.85 vs. 0.74 IoU*) at negligible additional cost, and is
therefore the recommended inference strategy in practice. The multiview mode
offers a scalable alternative for larger view sets where the quadratic cost becomes
prohibitive.

Tab. [3] reports validation performance under two complementary difficulty
protocols that stress different sparsity regimes of the co-visibility graph. Edge-
level difficulty bins individual pairs by their overlap ratio: easy if overlap > 50%,
medium if 10% < overlap < 50%, and hard if overlap < 10%. While VLM-
based baselines are near-saturated in the easy/medium regimes, they degrade
sharply when overlap becomes minimal; in particular, on the hard split Co-
VGGT achieves substantially higher Graph-IoU than the strongest VLM base-
line (e.g., 0.84 vs. 0.34 for GPT-4o [22]), indicating markedly better robustness
to low-overlap pairs. We further report graph-level difficulty by binning entire
scenes according to scene sparsity, defined as the average pairwise overlap within
the scenario: easy if > 10%, medium if 4% < - < 10%, and hard if < 4%. Even
in globally sparse scenes, Co-VGGT maintains strong performance (hard: 0.84
Graph-IoU), outperforming both Covis-based baselines and GPT-4o (hard: 0.57),
showing that the method remains reliable when the overall graph connectivity is
low, rather than just a few pairs being difficult. Overall, these results suggest that
Co-VGGT encodes more stable geometric cues than VLM prompting or learned
baselines, and that its advantage concentrates exactly where co-visibility is most
failure-prone: extremely low pairwise overlap and scene-wide sparse connectivity.
AUC result tables are reported in the Supplementary material.
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Table 1: Pairwise co-visibility prediction. Results on Gibson and HM3D datasets.
Baselines results are reported from [8], no human baseline available in this case.

Method Gibson HM3D
ToU* (1) AUC (1) ToU* (1) AUC (1)

SuperGlue [25] 0.47 0.11 0.38 0.10
SIFT + RANSAC [18] 0.35 0.05 0.34 0.05
NetVLAD |2] 0.35 0.33 0.35 0.29
DUSt3R [35] 0.54 0.54 0.40 0.40
ViT [11] 0.47 0.43 0.48 0.46
VGG 27 0.35 0.30 0.34 0.21
ResNet18 [14] 0.38 0.36 0.48 0.46
CroCo v2 [37] 0.50 0.45 0.43 0.38
Covis 8] 0.56 0.54 0.53 0.51
Qwen2.5-VL 72B 3]  0.41 0.41 0.39 0.39
Gemini-2.0-Flash [31] 0.42 0.42 0.39 0.39
SpatialRGPT [9] 0.49 0.49 0.37 0.37
GPT-40 [22] 0.58 0.58 0.54 0.54
Co-VGGT (Zero-shot)  0.50 0.31 0.46 0.31

Co-VGGT (Ours) 0.85 0.78 0.84 0.78

Even without any training, the zero-shot variant achieves 0.50 IoU* on the
Gibson pairwise setting—already competitive with several supervised baselines
(Tab. @—conﬁrming that VGGT’s frozen representations carry a meaningful
co-visibility signal that supervised fine-tuning fully unlocks.

4.3 Pair Aggregation

Tab. [4] studies how the choice of symmetric pair features impacts performance.
Using only raw embeddings (simple) is weakest, while adding multiplicative in-
teractions (e; © e;) improves results (product). Including absolute differences
(le; —e;]) provides the largest single gain, suggesting that relative feature offsets
capture key overlap cues. Our full aggregation ([e;, € ], |e; — e;,e; © e;) com-
bined with the layer-wise MoE yields the best IoU*/AUC, outperforming the
same feature set under the standard (non-MoE) aggregation baseline.

Notably, the absolute variant matches Co-VGGT in IoU* (0.74) but lags
in AUC (0.71 vs. 0.73), suggesting that the element-wise product e; ©® e; con-
tributes primarily to probability calibration rather than threshold-optimal clas-
sification: a meaningful distinction when predicted scores are used as continuous
edge weights in downstream visibility graphs.
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Fig. 4: Co-visibility Scene-Graph Examples (Multiview). Given N input views,
we visualize the ground-truth adjacency matrix (left), the predicted binary graph ob-
tained by thresholding scores at the IoU-optimal 7*. Each matrix is symmetric and
entry (i,7) denotes the relation between image ¢ and image j.

Table 2: Multiview co-visibility prediction. Results on Gibson and HM3D
datasets. Baselines and Human results are reported from |8].

Method Gibson HM3D
IoU* (1) AUC (1) IoU* (1) AUC (1)

Human Annotation [§8]  0.72 0.72 = =
NetVLAD |[2] 0.38 0.32 0.42 0.39
MV-DUSt3R+ [30] 0.56 0.56 0.45 0.45
CroCo v2 [37] 0.48 0.41 0.41 0.37
Covis [8] 0.59 0.57 0.57 0.56
Covis-freeze 8| 0.61 0.57 0.58 0.56
GPT-4o |22 0.63 0.63 0.59 0.59
Co-VGGT (Zero-shot)  0.37 0.30 0.36 0.30

Co-VGGT (Ours) 0.74 0.73 0.76 0.74

4.4 Hierarchical Information

As shown in Fig. [f] co-visibility reasoning is concentrated in VGGT’s late layers.
Gate mass is essentially zero for layers 0-12, confirming that early representa-
tions encode geometric primitives rather than overlap cues. Among late layers,
we observe a strong class asymmetry. Negative pairs consistently route to L17
(peak ~0.37-0.41) with low gating entropy across both pairwise and multiview
settings, making L17 a negative anchor that confidently rejects geometrically
disjoint pairs.

This is supported by attention maps (see supplementary material): for non-
co-visible pairs, the first view yields focused, structured attention, while the
second produces diffuse, unanchored responses — a signature of failed cross-
image correspondence at a geometrically mature layer. Positive pairs, by con-
trast, show higher gating entropy and a setting-dependent preference: multiview
routing sharpens to L15 (peak =0.41), while pairwise spreads across L.18-1.23
(peak ~0.19-0.23), reflecting greater uncertainty about which layer carries the
overlap signal when no auxiliary views are available.
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Fig.5: Cross-view Similarity Matrix Examples. Examples of Co-VGGT atten-
tion token similarity over pair of co-visibile images. (left) input RGB image, (right) the
attention output mask. Features are extracted from signal belonging to layer 17 of the
Pairwise evaluation.

Table 3: Performance across difficulty levels. Left: edge-level difficulty defined
by pairwise image overlap (Easy > 50%, Med. 10-50%, Hard < 10%). Right: graph-
level difficulty defined by scene sparsity via average overlap (Easy > 10%, Med. 4-10%,
Hard < 4%). Metrics report Graph IoU at the best threshold.

(a) Image overlap (edge-level). (b) Scene sparsity (graph-level).
Method Easy Med. Hard Avg. Method Easy Med. Hard Avg.
GPT-4o |22] 0.97 0.92 0.34 0.63 GPT-4o |22] 0.83 0.64 0.57 0.63

Gemini-2.0-Flash |31] 1.00 0.99 0.14 0.42 Gemini-2.0-Flash |31] 0.75 0.39 0.28 0.42
Qwen2.5-VL 72B [3] 1.00 0.99 0.14 0.41 Qwen2.5-VL 72B [3] 0.77 0.40 0.28 0.41

SpatialRGPT |9] 1.00 0.99 0.13 0.35 SpatialRGPT |9] 0.72 0.38 0.26 0.35
Covis |8 0.99 0.88 0.24 0.59 Covis |8 0.80 0.63 0.52 0.59
Covis (freeze) (8| 1.00 0.89 0.30 0.61 Covis (freeze) 8| 0.81 0.65 0.54 0.61

Co-VGGT (Multi)  0.80 0.88 0.70 0.74  Co-VGGT (Multi)  0.99 0.92 0.73 0.74
Co-VGGT (Pair) 1.00 0.93 0.84 0.85 Co-VGGT (Pair) 1.00 0.97 0.84 0.85

This structure directly explains the calibration gap reported below: multi-
view exhibits sharp, consistent routing but noisier embeddings from compressing
multiview context into fixed-size vectors; pairwise produces cleaner embeddings
and better calibration but has flatter routing due to the absence of additional
scene context.

4.5 Calibration Measures

In Fig. [7] we assess probability calibration on Gibson val using Expected Cali-
bration Error (ECE), Maximum Calibration Error (MCE), and Brier score. In
the pairwise setting, Co-VGGT is well calibrated (ECE = 0.030, Brier = 0.043):
predicted scores behave as empirical frequencies (e.g., p~0.7 implies ~70% true
positives), making them directly usable as edge weights for downstream filtering
keeping p>0.7 for matching and discarding p<0.2 (to suppress spurious con-
straints) without any post-hoc correction. In multiview, calibration degrades
(ECE =0.074, Brier =0.085), consistent with the noisier embeddings produced
by compressing multiview context into fixed-size vectors, as discussed in Sec.
Both settings exhibit high MCE (0.223 pairwise, 0.347 multiview); however, this
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Table 4: Aggregator ablation. All aggregators use MoE except the standard aggre-
gation baseline. “Standard” denotes concatenation of ([e;, €;], |e; — e;],e: © e;).

Pair feature set MoE Gibson HM3D

Pair Aggregator |e; —e;| e;Oe; [ej,e;] w/orw/o IoU*¥ AUC IoU* AUC

simple X X v v 0.67  0.70 0.69 0.70

product X v v v 0.71 0.70 0.72 0.71

absolute v X v v 0.74 0.71 0.73 0.72

standard v v v X 0.69 0.68 0.72 0.70

Co-VGGT (Ours) v v v v 0.74 0.73 0.76 0.74
Multiview Pairwise
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Fig. 6: MoE Gating weights. Average o parameter per-layer vs. layer id. on the
multiview (left) and pairwise (right) task. We observe that specific layers are decisive
for the final co-visibility analysis.

is driven by sparsely populated mid-confidence bins, since over 90% of predictions
fall in [0, 0.1) or [0.9, 1]. Furthermore, we added a proof-of-concept COLMAP
experiment against different methods to show this downstream capability (see
Supplementary material).

4.6 Layer Ablation

Tab. [f] shows that restricting the MoE expert pool to the last 12 layers preserves
nearly full performance (0.74/0.72 IoU*/AUC on Gibson), while using fewer
layers causes consistent degradation. This is directly corroborated by the gat-
ing analysis (Fig. @, where layers 0-12 receive near-zero average weight across
both classes, confirming that the model has learned to ignore early layers. Since
VGGT inference dominates runtime (50ms/150ms per 2/10 images on an H100)
and the MoE head is lightweight, retaining all layers adds negligible overhead
— we therefore do so in our final model. Together, these findings provide task-
grounded empirical evidence for the hierarchical geometric reasoning hypothe-
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Fig. 7: Calibration Measures. Calibration plot (left), score distribution (center) and
summary metrics (right) on Gibson validation for pairwise and multiview tasks.

sized in [34]: early layers carry no discriminative signal for co-visibility, while late
layers encode the high-level judgment of accepting or rejecting shared surface
support, with positive and negative pairs peaking at distinct layers (L15 and
L17, respectively). For completeness, we evaluate our approach using only the
first 12 layers of the VGGT backbone (last row of Tab. . The resulting per-
formance drops substantially below the state of the art, confirming that early
layers encode more generic and diverse representations that are less informative
for co-visibility reasoning.

4.7 Cross-domain transfer

To probe whether the learned co-visibility signal is tied to a single training
distribution, we evaluate Co-VGGT trained on one Co-VisiON environment and
tested zero-shot on the other (Tab. . Transferring across Gibson-HM3D costs
at most 0.04 IoU* and 0.03 AUC in both pairwise and multiview settings, while
still exceeding the in-domain state of the art on the target dataset. Combined
with Co-VisiON’s scene-disjoint train/val protocol, this indicates the extracted
signal does not overfit to a single environment, though both datasets remain
indoor Habitat-rendered scenes and broader cross-domain generalization is left
to future work.

4.8 Zero-Shot Ablation

As shown in Tab. [T} the zero-shot performance of Co-VGGT is unexpectedly
strong, indicating that the backbone already encodes a substantial signal for
identifying co-visible pairs.

To further investigate this behavior, Tab. [f] presents a zero-shot ablation
where we vary the subset of VGGT backbone layers used for similarity computa-
tion and subsequent IoU and AUC evaluation (analogous to Tab.[]). Performance
remains within a relatively narrow range across different subsets. However, across
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Table 5: Ablation and cross-domain transfer results. Left: ablation on the num-
ber of VGGT expert-pool layers used in the MoE head, evaluated on Gibson. Right:
cross-domain transfer between Gibson and HM3D.

Layer-count ablation

Cross-domain transfer

Multiview Pairwise
MoE Range IoU* + AUCYT IoU* + AUC?tH
[1,24] (Ours) 0.74 0.73 0.84 0.78

Train Test Pairwise Multiview

IoU* + AUCT IoU* + AUCH

[14 24] 0.74 0.72 0.84 0.77 Gibson Gibson 0.85 0.78 0.74 0.73
[19’24] 0.71 0.70 0.83 0.75 HM3D HM3D 0.84 0.78 0.76 0.74
(21, 24] 0.70  0.67 083  0.75 Gibson HM3D 0.81  0.75 0.72  0.71
[24] 0.69 066 082 0.74 HM3D Gibson 0.83 0.76 0.72  0.72
[1,12] 0.53 050 0.30 0.11

Table 6: Zero-shot layer ablation. Ablation on the number of VGGT output feature
layers used for cosine similarity scoring in zero-shot evaluation, reported on both Gibson
and HM3D datasets for Multiview and Pairwise tasks.

Gibson HM3D
Layer Range Multiview Pairwise Multiview Pairwise
IoU*(1) AUC(}) IoU*(1) AUC(1) IoU*(1) AUC(]) IoU*(1) AUC(1)
[1,24] (Ours) 0.37 0.30 0.50 0.31 0.36 0.30 0.46 0.31
[9, 24] 0.37 0.30 0.50 0.32 0.36 0.30 0.46 0.31
[19, 24] 0.38 0.31 0.52 0.36 0.37 0.30 0.47 0.33
[21, 24] 0.36 0.30 0.49 0.34 0.36 0.30 0.45 0.30

all tasks and datasets, the strongest results are consistently achieved when using
embeddings from the last five layers. Additional analyzes and extended experi-
ments are provided in Sec. A.1 of the Supplementary material.

5 Limitations

While Co-VGGT achieves strong results on the Co-VisiON benchmark, some
limitations remain. We frame co-visibility prediction as a binary signal since
the focus of this work is primarily on interpretability and understanding the
overlap signal already present in VGGT, given that a simple co-visibility esti-
mator already achieves strong performance. Nevertheless, we also conducted an
auxiliary experiment that predicts, via a regression head, a graded co-visibility
strength (see Supplementary material). We do not further develop this direction
here; instead, we leave it as future work, where richer overlap estimates could
provide more informative geometric constraints for downstream SfM and SLAM
pipelines.

Moreover, the multiview setting exposes a structural limitation of our archi-
tecture: compressing multiview context into fixed-dimensional per-view embed-
dings introduces noise, and the model scores each pair independently without
enforcing global graph consistency — leading to a performance gap relative to



What VGGT Knows About Overlap 15

the pairwise setting. Further failure examples and analysis are provided in the
Supplementary material.

Finally, the mechanistic interpretation of layer-wise gating — while empir-
ically grounded — remains correlational: we identify which layers are decisive,
but not entirely why specific geometric abstractions emerge at those depths in
VGGT’s training. However, we argue that the emergent behavior of VGGT in
3D vision may mirror that of LLMs in NLP; consequently, several insights and
solutions could potentially be transferred from that domain.

6 Conclusion

We presented Co-VGGT, a lightweight co-visibility predictor on frozen VGGT
features, with well-calibrated pairwise probabilities (ECE=0.030) that are us-
able directly as visibility-graph edge weights. Our layer-wise mixture-of-experts
head reveals that co-visibility reasoning emerges exclusively in VGGT’s late
transformer blocks: 17 acts as a negative anchor that confidently rejects non-
overlapping pairs, while positive pairs rely on a broader set of late layers depend-
ing on the available context. This provides task-grounded evidence for hierar-
chical geometric reasoning in a geometry-grounded foundation model, mirroring
the layer-specialization behavior observed in large language models.

These findings suggest that geometry-grounded foundation models encode
spatial priors that are richer and more structured than previously understood
— and that these priors can be efficiently distilled for downstream tasks with-
out modifying the backbone. Future work will pursue four directions: (i) moving
beyond binary prediction toward continuous overlap ratio estimation to sup-
ply richer geometric constraints for SfM and SLAM pipelines; (ii) replacing the
current per-pair multiview loop with a unified aggregation mechanism — such
as set transformers or token-level routing — to enforce global graph consistency
and close the pairwise—multiview calibration gap; and (iii) integrating Co-VGGT
within embodied mapping systems to enable uncertainty-aware loop closure and
next-best-view planning grounded in geometric connectivity rather than appear-
ance alone. (iv) Investigate whether interpretability findings from NLP transfer
to geometric foundation models, enabling principled interpretability methods for
this domain.
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