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Abstract. Recent work explores new opportunities at the intersection
of vision-language-action models (VLAs) and geometric foundation mod-
els (GFMs) for 3D reconstruction, such as VGGT. While the resulting
geometric VLAs often show improved performance, it remains unclear
(i) if modern VLAs already have sufficient geometric understanding to
start with, (ii) what is the best architecture to inject geometric under-
standing into a VLA, and (iii) what is the effect of other design choices
that affect geometric VLAs. In this paper we provide a rigorous exper-
imental analysis to shed light on these questions, for a specific choice
of VLA (GR00T-N1.5) and GFM (VGGT). Our first contribution is to
formalize prior work’s intuition that current VLAs lack geometric un-
derstanding, by providing a rigorous analysis based on linear probing.
The analysis quantifies, for the first time, the “geometric gap” between
VLAs and GFMs. Our second contribution is to identify and compare
different strategies to bridge GFMs with VLAs. We implement three
different architectures, which differ in the way they inject geometry in
the VLA, while keeping low-level implementation details as similar as
possible, to ensure a fair comparison. Finally, we analyze the impact of
non-architectural choices (e.g., training data, number of cameras, recon-
struction quality) on the performance of the geometric VLAs.

1 Introduction

Vision-Language-Action models (VLAs) have recently been at the center stage
of robotics research for their ability to enable generalist manipulation behaviors
from a modest number of expert demonstrations. These models have enabled
successful manipulation skills from text instructions (e.g., “pick up the red mug
and put it in the sink”) and are steadily permeating from academic labs to
industrial applications (e.g., [15, 36, 40]). Typical VLAs are composed of two
main building blocks: a vision-language model (VLM), which parses input images
collected by the robot and language instructions from the user, and an action
expert, which takes the output of the VLM and computes a suitable action (or
chunk of actions) for the robot to execute. Intuitively, the VLM helps the robot
correlate the user’s instructions (“pick up the red mug”) with relevant pixels in
the image, while the action expert is in charge of establishing the best course
of action depending on the robot embodiment and the VLM understanding.
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While the combination of VLMs and action expert has demonstrated to be a
strategic and powerful architectural choice, VLMs have been observed to be
poor at spatial understanding [8, 9]. At the same time, spatial understanding
is intrinsically related to manipulation, where distances and geometry make the
difference between a successful physical interaction and a failed one. This insight
triggered work on 3D VLAs, where the VLA policy is augmented with depth
information from an RGB-D camera [10,17,23,28,37,49].

Parallel work in computer vision has pioneered the use of feed-forward trans-
former architectures for 3D reconstruction. Contrary to traditional SLAM and
Structure from Motion approaches, which decouple the problem into multiple
stages (e.g., feature extraction, matching, bundle adjustment, dense 3D recon-
struction), these new geometric foundation models (GFM) reconstruct camera
poses, depth maps, and point maps of the observed scene from a collection of
images (e.g., [14, 34, 38, 41, 42]). The advantage of these approaches lies in their
simplicity, their zero-shot generalization, and their ability to work with uncali-
brated cameras. These new methods have created new opportunities to enhance
VLAs with geometric understanding without altering their input data. This is
particularly important since VLAs are typically trained on RGB inputs and
GFMs open the door to adding 3D information without requiring additional
data collection. These opportunities have been explored in a number of very
recent works [1, 16,29,30,33,48], which report promising results.

Despite the quick progress in combining VLAs and GFMs in a so-called
geometric VLA, related work leaves several questions unanswered. First of all,
it remains unclear if VLAs already have sufficient geometric understanding and
how to quantify a potential gap in 3D understanding. Second, related works
propose disparate architectures to inject 3D information from GFMs into VLAs
and it is unclear how these architectures compare or what is the insight behind
one architecture being better than another. Finally, it is unclear how external
factors related to geometry, including number of cameras, size of the training
set, and reconstruction quality, impact performance of geometric VLAs.

Contributions. In this paper we provide a rigorous experimental analysis
to shed light on the open questions above, for a specific choice of VLA (GR00T-
N1.5) and GFM (VGGT). Our first contribution (Section 3) is to identify and
compare different strategies to bridge GFMs and VLAs. Towards this
goal, we analyze related work and identify three different strategies, summa-
rized in Fig. 1. We provide prototype implementations of models using the three
different strategies, while keeping low-level implementation details as similar
as possible (to ensure an apple-to-apple comparison). Our second contribution
(Section 4) is to formalize related work’s intuition that current VLAs lack ge-
ometric understanding, by providing a rigorous analysis based on linear
probing. The probing assesses the VLA ability (more specifically, the ability
of the VLM within the VLA) to predict dense depth information from images.
The analysis quantifies, for the first time, the “geometric gap” between VLAs
and GFMs, rigorously grounding observations in related work [29]. Our analysis
also provides the surprising finding that a pretrained LLM can predict dense
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(a) Standard VLA (b) Early Fusion
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Fig. 1: (a) Standard VLA architecture. (b)-(d) Key strategies to inject tokens from a
geometric foundation model (e.g., VGGT) into the VLA.

depth information if it is fed with tokens from a GFM. Our �nal contribution
(Section 5) is to analyze the e�ect of key design choices that a�ect geo-
metric VLAs. Relevant factors include both architectural aspects (such as the
choice of fusion strategy discussed above), as well as non-architectural aspects
(such as the number of cameras used by the VLA, the size of the training data,
and the quality of the reconstruction from the GFM). We perform our analysis
on popular simulation benchmarks, including RoboCasa [32] and LIBERO [31],
and we also provide an evaluation on real data, using the Unitree G1 humanoid.

2 Related Work

Vision-Language-Action Models (VLAs) for Manipulation. VLAs map
visual observations and natural language instructions to robot actions by extend-
ing VLMs with a policy or action head [4�7,13]. These models inherit the seman-
tic grounding and generalization capabilities of large VLMs, enabling robots to
perform diverse manipulation tasks from relatively limited demonstration data.
However, despite their impressive generalization capabilities, VLAs inherit a key
limitation from VLMs: they primarily operate on RGB inputs and focus on se-
mantic understanding [2] rather than explicit spatial reasoning. Prior work has
shown that vision-language models often struggle with geometric reasoning tasks
such as estimating distances, relative pose, or object placement constraints [8,37].
While recent work attempts to improve spatial reasoning through architectural
modi�cations or large-scale multimodal pretraining [12, 37, 49, 51], it remains
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unclear whether these approaches provide the level of geometric understanding
required for e�cient robotic manipulation.

Geometric Foundation Models. Recent work in computer vision has in-
troduced geometric foundation models (GFMs), which learn to infer 3D scene
structure directly from images using a single feed-forward transformer-based ar-
chitecture [27,43]. Models such as the Visual Geometry Grounded Transformer
(VGGT) [42] predict camera poses, depth maps, and dense point maps from one
or multiple views without the multi-stage pipelines used in traditional SLAM
or structure-from-motion systems. Subsequent work has further developed these
models with improved geometric consistency by jointly predicting correlated ge-
ometric quantities such as depth, normals, and point maps [43], incorporating
additional modalities or supervision to enable metric reconstruction and multi-
view consistency [24,41], or extending these architectures to dynamic scenes and
semantic understanding, enabling uni�ed feed-forward modeling of geometry,
semantics, and motion [21, 38, 52]. Together, these models provide powerful ge-
ometric representations that generalize across environments and can be queried
without scene-speci�c training. These techniques have recently been shown to
improve spatial understanding in VLMs [20,45,50].

Injecting Geometry into VLAs. Several works augment VLAs with ge-
ometric information to address the limited spatial reasoning capabilities of tra-
ditional VLM-based policies. Some approaches incorporate explicit geometric
inputs such as depth maps or point clouds, for example PointVLA [28] and
RVT-2 [17]. Other works attempt to learn spatial structure within the policy
itself, through 3D feature learning, a�ordance reconstruction, or spatial mem-
ory mechanisms [10, 23, 39]. More recently, geometric foundation models have
been used to inject geometric context into VLAs, either by fusing geometric
tokens with visual representations [1, 16, 30, 33] or by aligning vision-language
representations with geometric features during training [29]. Despite promising
results, existing approaches di�er substantially in how geometry is integrated,
making it di�cult to understand which architectural choices are most e�ective.
In this work, we provide a systematic analysis of several strategies for integrating
geometric foundation models into modern VLAs.

3 Bridging VLAs and Geometric Foundation Models

This section reviews the typical VLA architecture and discusses ways to integrate
GFMs in a VLA (Section 3.1). Then, we describe our implementation of the
�fusion module� that fuses VLA tokens with tokens from the GFM (Section 3.2).

3.1 VLA Architecture and Key Strategies to Inject Geometry

VLA Architecture. A typical VLA is shown in Fig. 1(a). The VLA takes three
inputs: a set of images I (e.g., captured by the robot cameras at the current
time t), a language instruction L (e.g., �pick up the red mug�), and robot state
information R (e.g., joint angles). The inputs are �rst processed by speci�c
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encoders that produce visual (Ve), language (Le), and robot state tokens (R),
respectively. Visual and language tokens are then passed to the LLM backbone
inside the VLM that produces new visual tokens (Vl ) and language tokens (Ll ).
These tokens, together with the robot state tokens R, are passed to the action
expert, which computes the set of actions for the next T time steps, a0:T .

The VLA is trained from demonstrations, given tuples (I; L; R; a 0:T ), includ-
ing both input data (I; L; R) and the desired action sequence, a 0:T , given in the
demonstration. While di�erent architectures di�er in the choice of the VLM, the
action expert, and training objective, a popular choice is to use a di�usion policy
formulation [11], where the action expert integrates a di�usion transformer. In
a di�usion policy formulation, one iteratively adds Gaussian noise to the clean
action sequence, a0:T , to obtain a noisy sequence ak , k = 1; : : : ; N, such that:

ak = � k a0:T + (1 � � k )�; � � N (0; I): (1)

The di�usion policy, parametrized by weights �, is then trained with a �ow-
matching loss, which teaches the policy how to map back random noise sam-
ples to plausible actions. Concretely, the policy predicts the denoising �eld
v� (ak ; T ; k), conditioned on the visual, text, and robot state tokens, T = (V l ; L l ; R),
and is trained using the following �ow-matching loss:

L di� = E k

h


 v� (ak ; T ; k) � (� � a 0:T )




 2

2

i
: (2)

The predicted robot actions are then obtained via (Euler) integration of the �eld
v� (ak ; T ; k); see [4,6] for details and popular instantiations of these ideas.

Early Fusion. Now let us consider a �rst strategy to inject GFM tokens
into the baseline VLA described above. This �rst strategy, that we call �Early
Fusion�, is illustrated in Fig. 1(b). More speci�cally, the GFM takes the same
images I as the VLA and produces tokens G; in our experiments, we use the
VGGT backbone to produce these tokens. Then, visual tokens Ve from the VLA
and geometric tokens G from the GFM are fused together to produce new tokens
fuse(V e; G), which are passed to the LLM in lieu of the tokens from the vision
encoder. Intuitively, the Early Fusion strategy treats the GFM as an additional
encoder. This approach has been used in early papers combining VGGT with
VLAs [30]; moreover, it resembles injection strategies used to enhance spatial
understanding in VLMs [50]. We implement the fusion fuse(V e; G) as a cross-
attention layer with attention gating, as discussed in Section 3.2 below. We
remark that the use of attention gating was not explicitly mentioned in [30,50],
but we found this aspect to be crucial to the e�ectiveness of this strategy (see
the supplementary material).

Late Fusion. The second strategy, that we call �Late Fusion�, is illustrated
in Fig. 1(c). Again, the GFM takes the same images I as the VLA and pro-
duces geometric tokens, G. However, in this case the geometric tokens are fused
with the visual tokens outputted by the LLM, namely V l ; the fused tokens,
fuse(V l ; G), are used as input by the action expert instead of the original LLM
tokens, Vl . Intuitively, the Late Fusion strategy attempts at enriching the VLM
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output with more geometric information before passing it to the action expert.
This approach is conceptually similar to [48], but with a simpli�ed architec-
ture. As before, we implement the fusion fuse(Vl ; G) as a cross-attention layer
with attention gating, to keep the implementation as close as possible across
architectures.

Spatial Forcing. The third strategy is Spatial Forcing [29] (see Fig. 1(d)).
In this case, the architecture itself is the same as the original VLA with the main
di�erence being that, at training time, spatial forcing adds an alignment loss to
encourage internal tokens of the LLM to align (as measured by cosine similarity)
with the GFM tokens. This facilitates the VLM to retain geometric information
that could potentially be used by the action expert.

Remark 1 (Our evaluation focuses on GR00T and VGGT). At the time of prepa-
ration of this manuscript, no open-source code was available for approaches
following the Early Fusion and Late Fusion strategy. Therefore, we developed
prototype implementations for both strategies, building on top of the GR00T-
N1.5 VLA [3]. For consistency, we also implemented Spatial Forcing [29] using
GR00T: while open-source code is available for Spatial Forcing, it is based on
OpenVLA [25] and � 0 [6]; we adapted to GR00T for a fair comparison. In all
tests, we used VGGT as the geometric foundation model.

3.2 Cross-Attention Fusion

In this section, we brie�y discuss the implementation of the fusion module
fuse(�; �) mentioned in Section 3.1. We adopt a similar implementation for both
the Early Fusion and the Late Fusion strategy. Let us denote with X 2 R Px �D x

the VLA visual tokens, where Px denotes the number of tokens (this typically
depends on the number of patches the encoder subdivides the images in) and
D x is the size of the feature associated to each token; for the Early Fusion,
we set X = V e, while for the Late Fusion we set X = V l . Also, denote with
G 2 R Pg �D g the tokens of the geometric foundation model. Below we show how
to obtain fused tokens ~X = fuse(X; G) using a cross-attention mechanism with
attention gating, such that ~X 2 R Px �D x has the same size of the VLA tokens,
hence remaining compatible with the rest of the architecture.

We follow a standard cross-attention implementation, where tokens are �rst
projected onto a common space using learned projection matrices WQ ; W K ; W V :

Q = X W Q 2 RPx �d ; K = G W K 2 RPg �d ; V = G W V 2 RPg �d : (3)

Then, cross-attention is computed as follows:

Y = softmax
�

QK >
p

d

�
V 2 R Px �d (4)

and the result is projected back to the VLA feature space using a learned pro-
jection matrix W O :

Z = Y W O 2 RPx �D x : (5)
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Finally, we apply a learned attention gate A to the cross-attention results and
use the gated results as a residual correction term on the VLA tokens:

~X = X + A � Z (6)

where � denotes the component-wise (Hadamard) product. The gate is initial-
ized close to zero, such that the geometric tokens are gradually added to the VLA
tokens; this aspect is important since the rest of the architecture is pretrained
without the geometric tokens, and introducing geometric tokens too abruptly
prevents the action expert from correctly using them (see the supplementary
material). In our implementation, we follow a standard practice and parameter-
ize the linear projections WQ ; W K ; W V ; W O as low-ranking (LoRA) layers [19]
and add positional encodings to the VLA and GFM tokens to retain the spatial
arrangement of the corresponding tokens. We refer the reader to the supplemen-
tary material for more details.

4 Probing Geometric Understanding in VLAs

Key Takeaway. GR00T-N1.5 is not able to retain depth information, which
is already lost before the output of the VLM. Late fusion, as expected, can
inject depth understanding. Surprisingly, even Early Fusion can inject depth
understanding, without requiring �netuning of GR00T's VLM.

Before investigating the impact of injecting geometric tokens into a VLA, we
ask a basic question: do VLAs already understand geometry? We rigorously an-
swer this question using a technique known as linear probing. In linear probing,
one attaches a simple MLP (the linear probe) to a layer of a frozen network, and
then trains the MLP to solve a task (in our case, monocular depth estimation)
to probe the information content of that layer: intuitively if the layer contains
enough information (e.g., about geometry), then the task can be completed suc-
cessfully, otherwise it cannot. Qualitative probing results have been reported in
related work (e.g., [29]), but we provide the �rst quantitative evaluation of the
geometric understanding gap between VLAs and geometric foundation models.

Probing Setup. We train the linear probe for 10 epochs on the NYU Depth
V2 dataset (we use the version of the dataset from [44]). The dataset includes
pairs of RGB and depth images, including 24,000 training pairs, and 645 pairs for
validation. For probing purposes, we use a Scale-Invariant Logarithmic (SILog)
loss following standard practice [46]. To evaluate probing performance, we com-
pute the RMSE depth error (#), as well as the �1 score ("), which measures the
fraction of pixels with predictions within 25% of the ground truth depth.

Probing Results. With reference to Fig. 1(a), we start by probing the
output of the vision encoder, as well as the output of the overall GR00T VLM.
Again, in both cases, the VLA is frozen at the original pre-trained weights and
the linear probe is the only module that is trained. The �rst two rows in Table 1
report the corresponding scores. For reference, we also perform linear probing
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