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Fig. 1: We present ISF-VLA, an implicit 3D vision-language-action (VLA) model leveraging 3D-aware vision foundation
models through implicit spatial fusion. Evaluated on 64 simulation tasks where four progressively more challenging levels
of randomization were applied, as well as three real-world tasks, ISF-VLA (M) consistently achieves superior zero-shot
generalization to unseen configurations and manipulation performance, outperforming the state-of-the-art 2D VLA models

(®) and the explicit 3D VLA model ().

Abstract— Robotic manipulation requires agents to reason
about both 2D visual semantics and 3D spatial geometries,
yet existing vision-language-action (VLA) models either rely
solely on 2D observations or use explicit 3D representations
that are data-inefficient or sensitive to sensor characteristics.
To address these challenges, we propose ISF-VLA, an implicit
3D vision-language-action model that capitalizes on 3D-aware
vision foundation models through implicit spatial fusion. Our
model fuses 2D visual features with implicit 3D informa-
tion, leveraging pretrained 3D-aware vision encoders with
manipulation-aware finetuning and 3D-grounding alignment,
thereby endowing the model with 3D priors and facilitating
generalizable object manipulation. To promote 2D-3D feature
interactions and improve viewpoint generalization, ISF-VLA
integrates 2D and 3D tokens via cross-attention, incorporates
an additional camera token, and applies visual token selection to
reduce the computational overhead of additional 3D tokens. The
resulting fused representations exhibit cross-view consistency
and interpretable attention patterns. Experiments on real-world
robotic tasks and simulation benchmarks demonstrate that ISF-
VLA achieves superior generalization and manipulation perfor-
mance compared to both 2D-only and explicit 3D baselines.

I. INTRODUCTION
Recent progress in vision—language—action (VLA) mod-
els [1], [2], [3] has advanced robotic manipulation by com-

bining visual perception, language understanding, and action
generation into unified architectures. Nevertheless, many
state-of-the-art VLAs [4], [5], [6], [7] remain dominated
by 2D visual representations and struggle with spatially
demanding manipulation tasks that require reasoning about
depth, viewpoint, and object geometry. While explicit 3D
pipelines (e.g., point clouds, voxel grids, depth-based meth-
ods) provide concrete geometric signals, they are costly,
sensitive to noisy sensors, and do not naturally integrate
with the visual token semantics expected by large language
models. This gap limits robust generalization under camera
pose changes in spatially demanding manipulation tasks.

Prior work incorporating explicit 3D information, includ-
ing Spatial VLA [8], demonstrates one possible direction but
also reveals two key limitations. First, explicit 3D inputs
require heavy supervision and are sensitive to changes in
depth quality or incomplete observations. Second, existing
approaches rarely study how to effectively integrate 2D
image features with 3D representations in the VLM, where
naive fusion can lead to misaligned semantics and degraded
decision making. Several concurrent methods [9], [10] ex-



plore implicit spatial signals, but their evaluations do not
fully examine 3D spatial reasoning or the design of 2D-3D
feature fusion under viewpoint and scene variations.

To overcome these limitations, we propose Implicit Spatial
Fusion Vision-Language-Action (ISF-VLA), which intro-
duces implicit 3D reasoning into VLA architectures through
a carefully designed fusion of 2D semantics and 3D geome-
tries. ISF-VLA employs Visual geometry grounded trans-
former (VGGT) [11] as an implicit 3D encoder and fine-
tunes it on robotic interaction data to capture manipulation-
relevant spatial priors. To align the language model with
these 3D-aware visual tokens, we further train the system
with a 3D grounding objective that bridges visual geometry
and language-driven reasoning.

With these implicit 3D representations, ISF-VLA performs
cross-attention-based 2D-3D fusion, where 2D queries at-
tend to 3D keys and values, effectively integrating spatial
and semantic cues. Then a dedicated camera token is intro-
duced to model viewpoint variations and improve viewpoint
generalization. Finally, we perform cross-view visual feature
analysis to study the properties of the fused representations
and introduce visual token selection to reduce the compu-
tational overhead of additional 3D tokens. Together, these
components enable ISF-VLA to achieve robust spatial un-
derstanding while remaining plug-and-play compatible with
existing VLA frameworks.

We evaluate ISF-VLA on simulation and
world robotic manipulation benchmarks,
three real-world tasks—LiberoPickButter, FetchBowl,
and LiftPegUpright—and additional experiments on
RoboVerse [12], LIBERO [13], and Bridge [14]. Across
all settings, ISF-VLA consistently outperforms both
2D-only and explicit-3D baselines, demonstrating that
implicit spatial fusion improves spatial generalization while
preserving semantic alignment. Our main contributions are
summarized as follows:

1) ISF-VLA: Implicit 3D Fusion VLA for Robotic
Manipulation. We integrate an off-the-shelf implicit
3D encoder into a vision-language-action model, en-
abling spatially grounded visual representations for
manipulation without explicit 3D reconstruction.

2) Manipulation-oriented 3D-grounding Training. We
fine-tune the 3D encoder with depth supervision and
align 3D tokens with task-relevant 2D visual tokens
via a 3D-grounding objective, encouraging geometry-
aware representations for manipulation.

3) Comprehensive Evaluation and Feature Analysis.
We evaluate ISF-VLA on 67 tasks across simulation
and real-world settings, demonstrating strong zero-
shot generalization to unseen configurations across
four increasingly challenging randomization levels and
achieving an average 8.82% improvement over the
state-of-the-art baseline, with feature analysis confirm-
ing effective 2D-3D fusion and improved cross-view
consistency.

All code, training scripts, and the newly rendered Robo-

Verse dataset will be publicly released to facilitate repro-

real-
including

ducible research.

II. RELATED WORK

Vision-Language-Action Models. Recent advances in em-
bodied foundation models have led to the emergence of
vision-language-action (VLA) models that unify perception,
reasoning, and control across multiple embodiments. A
growing line of work [1], [2], [15] has explored pretraining
VLA models on large-scale cross-embodiment datasets [16],
enabling effective fine-tuning for downstream robot tasks.
These VLAs extend pretrained vision-language models
(VLMs) with action generation, allowing robots to ground
visual and linguistic understanding in physical interactions.
Representative examples include RT-2 [1], OpenVLA [3],
RoboVLM [17], and TraceVLA [18], which employ either
discrete or continuous action representations to support both
zero-shot and fine-tuned manipulation. More recent systems
such as 70 [4], w#0.5 [5], GROOT-N1 [6], and Gemini
Robotics 1.5 [7] adopt a dual-system design, where a ded-
icated action head is trained alongside a general vision-
language backbone. Building upon these developments, our
work introduces an Implicit 3D VLA that integrates 3D scene
understanding into the VLA framework, enhancing spatial
perception and generalization in robotic manipulation.

3D Vision-Language-Action Models. Recent efforts have
extended VLA models from 2D perception to 3D understand-
ing to advance embodied intelligence. Early works such as
LEO [19] and 3D-VLA [20] unify 3D perception, language,
and action for generalist agents. More recent 3D VLA mod-
els—including Spatial VLA [8], BridgeVLA [21], PointVLA
[22] and GeoVLA [23]—explicitly leverage depth, multi-
view, or point-cloud representations to boost manipulation
performance, but they often suffer from low data efficiency
and high sensitivity to sensor characteristics. In contrast,
geometry-aware approaches using implicit 3D priors (e.g.,
VGGT [11]-based encoders) enable 3D spatial perception
without explicit reconstruction, providing more robust and
efficient representations for downstream manipulation tasks.
While several concurrent works integrate 3D encoders into
VLAs, such as Evo-0 [9], they do not optimize architectures
for manipulation or analyze how 2D and 3D features interact,
and their evaluations provide limited analysis of viewpoint
and environment generalization. Similarly, [10] aligns inter-
mediate VLA embeddings with pretrained 3D foundation
models, which can sacrifice semantic knowledge learned
during OXE [16] pretraining. In contrast, ISF-VLA adopts
a plug-and-play design that preserves pretrained semantics
while leveraging implicit 3D priors, improving both data
efficiency and spatial generalization.

III. METHODOLOGY

We present ISF-VLA, a vision-language-action model for
robotic manipulation that integrates implicit 3D representa-
tions with 2D visual features. The model aims to improve
spatial perception and cross-view generalization for manipu-
lation tasks. We next describe the key components and design
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Fig. 2: Overview of ISF-VLA. (1) Manipulation-aware 3D encoder fine-tuning with depth supervision from the RoboVerse
dataset to capture task-relevant spatial priors. (2) 3D-grounding alignment of the VLM with VGGT-generated 3D and camera
tokens using OVMono3D-labeled bounding boxes. (3) 2D-3D fusion via cross-attention with camera token integration for
improved viewpoint generalization. (4) Visual token selection based on projected 3D boxes to reduce computational overhead.
Downstream VLA training and evaluation rely solely on RGB observations and language instructions.

choices of ISF-VLA. A schematic overview of the model is
illustrated in Fig. 2.

A. Manipulation-Aware 3D Encoder and VLM Alignment

ISF-VLA builds upon a 3D encoder that provides spatial
representations for manipulation and a VLM capable of
interpreting the resulting visual tokens. This section describes
the encoder selection, manipulation-aware fine-tuning, and
3D-grounding alignment. Unlike explicit 3D pipelines that
rely on depth or point clouds during policy learning, ISF-
VLA uses depth supervision only to adapt the implicit 3D
encoder, while downstream training and inference operate
purely on RGB observations and language. This design re-
duces sensitivity to depth noise or 3D grounding errors while
preserving geometry-aware representations for manipulation.

Off-the-shelf 3D Encoder Selection. To endow ISF-VLA
with spatial reasoning capability, we adopt the implicit 3D
encoder VGGT [11] as the vision backbone. Our framework
is not architecturally tied to a specific 3D encoder; VGGT
is chosen primarily for its flexibility in handling single- or
multi-view inputs. In contrast, other implicit 3D encoders,
such as DUSt3R [24] and CUT3R [25], require paired images
or multiple consecutive frames, which may misalign with
the problem setting we target. Empirical comparisons with
different 3D encoders are reported in Table VI.
Manipulation-Aware 3D Encoder Fine-tuning. To adapt
VGGT for manipulation perception, we fine-tune it using
depth images from RoboVerse dataset. This encourages the
encoder to capture task-relevant spatial priors. Depth supervi-
sion provides geometric cues that help the encoder represent
object distances and spatial relationships. As a result, the
fine-tuned encoder produces 3D tokens with robust spatial
information for downstream vision-language-action fusion.

We adopt the depth loss Lgepm from VGGT [11], which
penalizes the discrepancy between predicted depth D, and
ground-truth D; using the predicted uncertainty map f]? ,
and also includes a gradient-based term: 37 | | SP (D, —
D)+ |ZP ® (vD; — vD;)|| — alog ©P, where © denotes
channel-broadcast element-wise product.

3D-Grounding Alignment of the Base VLM. Our base
VLM follows the base model of OpenVLA-mini [3], which
replaces the original LLM with Qwen2.5-0.5B [26] and uses
a VQ-VAE as the action tokenizer. The VLM is initially
trained following the LLaVA 1.5 data mixture [27], which
includes approximately 1M image-text and text-only samples
from open-source datasets. However, during this initial VLM
training, the VGGT encoder is not involved, meaning that the
LLM has never seen VGGT-generated visual tokens.

To better align the LLM with VGGT outputs, we intro-
duce a 3D grounding finetuning task. Specifically, we use
OVMono3D [28] to annotate the RoboVerse dataset, where
each 3D bounding box is represented as a 9-dimensional
vector consisting of position ¢; = [x;, y;, z;] |, dimensions
d; = [w;, hi, I;]7, and orientation 7; . Similar to actions,
the 3D bounding box vectors are normalized and predicted
autoregressively. This stage teaches the model to interpret
VGGT visual tokens with spatial context, aligning implicit
3D representations with the VLM and enabling downstream
2D-3D fusion for action generation.

B. 2D-3D Fusion and Camera Token Integration

To integrate the 3D-aware representations from VGGT
with the 2D visual features of the base VLM, we adopt
a cross-attention fusion mechanism. One motivation is the
mismatch in image resolution: VGGT is trained on 518 x 518
images, while the base VLM of VLA uses 224 x 224. Directly
resizing VGGT inputs degrades its 3D reconstruction quality
and leads to a mismatch in the number of visual tokens
produced by VGGT and the DinoV2 [29] and SigLIP [30]
encoders. Cross-attention naturally accommodates this dis-
crepancy by allowing 2D tokens Xsp to attend to 3D tokens
X 3D-

-
Xip = softmax((X2DWQ)(X3DWK) ) (X3pWy),

en
)

where Wq, Wi, and Wy, are learnable projection matri-
ces and dj denotes the dimensionality of the key vectors.
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Fig. 3: Cross-view visual feature analysis. Left: KNN over-
lap ratio (cross-view consistency). Right: attention heatmaps
under viewpoint shifts.

The resulting fused tokens X', are concatenated with the
original Xsp tokens for downstream VLA processing.

We also evaluated alternative fusion strategies, including
linear concatenation and element-wise addition after normal-
ization, but both underperform compared to cross-attention
(Table VI). Cross-attention naturally handles token number
mismatches while enabling effective interaction between 2D
and 3D features.

To improve viewpoint generalization under camera ran-
domization, we further introduce a camera token C' derived
from the VGGT camera head. The token is appended to the
input sequence, encouraging the model to be aware of camera
pose under viewpoint randomization. Ablation results show
that finetuning the camera head yields better performance
than deriving the token directly from the aggregator (VGGT
encoders) (Table VI). The final VLA input sequence is
(Xap, Xip, C).

C. Fused Visual Feature Analysis and Visual Token Selection

Although ISF-VLA demonstrates strong manipulation per-
formance through the previous two components, the effec-
tiveness of 2D-3D feature fusion remains less understood.
To investigate this, we analyze fused features across view-
points and observe improved cross-view consistency and
interpretable attention patterns after fusion, which further
motivates visual token selection to reduce the overhead of
additional 3D tokens.

Cross-view Visual Feature Analysis. We evaluate fused
visual features using the K-nearest neighbors (KNN) overlap
ratio, which measures how often embeddings from different
viewpoints of the same scene appear among each other’s
nearest neighbors in the latent space (Fig. 3a). A higher
overlap indicates stronger cross-view consistency. After 2D—
3D fusion, the KNN overlap ratio increases substantially
(0.435 — 0.718), suggesting that implicit 3D information
improves viewpoint-invariant visual grounding. Additionally,
attention heatmaps (Fig. 3b) show that ISF-VLA maintains
task-relevant attention on manipulated objects under view-
point shifts, whereas 2D-only baselines exhibit noticeable
attention drift.

Visual Token Filtering. To reduce the computational over-
head introduced by additional 3D tokens, we retain visual
tokens corresponding to manipulated objects by projecting

TABLE I: Training time comparison on RoboVerse Close-
Box. (50 epochs, 400 demonstrations, 8xA100 GPUs)

Model Training Time
OpenVLA-mini 12h 36m
ISF-VLA (w/o token selection) 1d 1h 30m
ISF-VLA (w/ token selection) 14h 42m

TABLE II: Randomization factors at different generaliza-
tion levels.

Level Object Camera Materials Lighting
Initialization & Scenes & Reflection

Level 0

Level 0.5

Level 1

Level 2

Level 3

3D bounding boxes onto the 2D image plane (see Fig. 2).
As shown in Table I, this filtering keeps training time close to
the 2D baseline while avoiding the large overhead observed
without filtering, and the ablation results in Table VI show
that performance remains stable.

IV. EXPERIMENTS

We evaluate ISF-VLA on both simulation and real-world
robotic manipulation tasks along three aspects: (i) Effec-
tiveness: whether ISF-VLA’s implicit 3D representations
improve success rates over strong 2D and 3D baselines; (ii)
Generalization: performance under unseen object positions,
camera viewpoints, and environmental variations; and (iii)
Ablation: the contribution of key components, including
implicit 3D features, camera tokens, the fusion module, and
other supporting elements.

A. Simulation Experiments

1) Experimental Setup: We evaluate ISF-VLA in simu-
lation using three established robotic manipulation bench-
marks: LIBERO, Bridge, and RoboVerse.

« LIBERO [13]: LIBERO provides language-
conditioned, procedurally generated manipulation tasks
organized into four suites for transfer evaluation. Each
suite contains 10 tasks with 50 demonstrations, covering
spatial reasoning (LIBERO-Spatial), object recognition
(LIBERO-Object), task execution (LIBERO-Goal),
and long-horizon generalization (LIBERO-Long). We
follow the OpenVLA-OFT [31] LoRA fine-tuning setup
(including PD&AC and Cont-L1 losses). As LIBERO
does not clearly reflect the benefits of implicit 3D
modeling, our primary benchmark and ablations focus
on RoboVerse, where generalization can be evaluated
more systematically.

o Bridge [14]: This benchmark consists of constrained
pick-and-place and kitchen-style manipulation tasks
drawn from BridgeData V2, a large-scale real-world
dataset containing thousands of human demonstrations
for evaluating cross-environment and cross-object gen-
eralization. The dataset was collected using the WidowX



robot, and we evaluate its performance in simulation
using the widely adopted SimplerEnv [32].

e« RoboVerse [12]: RoboVerse is a unified simulation
platform that integrates tasks from multiple benchmarks
and provides a standardized multi-level generalization
protocol. In particular, Level-1 (Table II) corresponds
to scene-level generalization, where the task remains
unchanged but the environment (materials and back-
grounds) is unseen during training. We evaluate four
representative tasks—~MoveSliderLeft (CALVIN [33]),
CloseBox (RLBench [34]), PickCube (ManiSkill [35]),
and PickButter (LIBERO [13])—across four generaliza-
tion levels: (i) task-space, (ii) environment, (iii) camera,
and (iv) lighting/reflection. To highlight the effect of
camera tokens in ISF-VLA, we introduce Level 0.5, a
camera-only generalization based on Level 0.

Baselines. We compare ISF-VLA to a diverse set of base-
lines, including classical planners including DP [36] and
ACT [37], 2D-only VLA models including OpenVLA-
mini [3] (trained from scratch), OpenVLA [3] (fine-tuned),
OpenVLA-OFT [31], Octo [2], and 70 [4] / w0.5 [5], 3D-
aware VLA models including Spatial VLA [8], and other
recent strong methods including TraceVLA [18], RoboVLM
[17].
2) Benchmark Results:

o LIBERO: Table III compares ISF-VLA with strong
baselines. ISF-VLA achieves the highest success
on most suites, including LIBERO-Spatial (99.0%),
LIBERO-Object (99.0%), and LIBERO-Long (95.8%),
outperforming w0 and OpenVLA-OFT. It slightly trails
OpenVLA-OFT on LIBERO-Goal (97.4% vs. 97.9%).
Overall, its implicit 3D representations capture scene
geometry and relations, supporting robust generalization
across tasks.

o Bridge: Table IV shows ISF-VLA achieves 45.3%
average success, surpassing Spatial VLA (42.7%) and
2D-only models like OpenVLA. Leveraging implicit
3D representations, it generalizes well to unseen ob-
ject positions and complex pick-and-place scenarios,
highlighting its strength in real-world-like manipulation
tasks.

e RoboVerse: As shown in Table V, ISF-VLA maintains
80-90% success at higher generalization levels (Level
2-3) on tasks such as PickButter and PickCube, while
Spatial VLA drops to 40-50%. Its implicit 3D features
preserve spatial consistency under unseen viewpoints,
outperforming both explicit 3D and 2D-only base-
lines, demonstrating robust multi-level generalization
for complex manipulation.

3) Ablation Studies: In this section, we conduct ablation
studies to investigate the components of ISF-VLA on the
CloseBox task in RoboVerse across multiple generalization
levels (see Table VI).

o Manipulation Fine-tuning: We first evaluate the ef-

fect of manipulation-aware fine-tuning of the VGGT
aggregator and 3D-grounding alignment, and find that

removing either component consistently reduces success
rates across all levels, highlighting their crucial role.

o Fusion Module: Next, we study the fusion mechanism,
where removing cross-attention or using only the fused
2D-3D tokens without the original DinoSigLiP tokens
reduces performance by 10-20% at higher levels, show-
ing that effective multi-modal integration is crucial.
This also helps explain the performance gap with Evo-
0 [9], which mainly introduces cross-attention fusion
for VLA, while ISF-VLA incorporates other key com-
ponents for improved spatial perception, particularly
under more challenging generalization such as camera
viewpoint changes.

o Camera Tokens: We also demonstrate that camera
tokens play a significant role, as removing them or using
tokens directly obtained from the aggregator without
fine-tuning the camera head reduces success rates by
15-30% at Levels 0.5, 2, and 3, indicating that explicit
camera-aware features are crucial for viewpoint gener-
alization.

o Visual Token Selection: Visual token selection main-
tains stable performance across levels without notice-
able degradation, while significantly reducing training
time.

o Data Scaling and Multi-view Input: We examine the
impact of data scaling and multi-view input. Doubling
demonstration numbers for high-level tasks improves
success rates by 5-10%, highlighting the importance of
sufficient coverage for rare scenarios, while multi-view
inputs provide limited gains, suggesting that ISF-VLA’s
implicit 3D representation already captures spatial struc-
ture from single-view observations.

o Depth Noise: To further examine robustness to depth
supervision noise, we introduce Gaussian perturbations
to depth signals during the manipulation-aware fine-
tuning stage. Results show only minor performance
degradation, confirming that ISF-VLA relies primarily
on implicit 3D priors rather than explicit depth signals.

« Different 3D encoder Choices: We further study the
sensitivity of ISF-VLA to the implicit 3D encoder.
Replacing VGGT with alternatives (DUSt3R [24] or
CUT3R [25]) leads to moderate performance drops,
indicating that VGGT provides the most suitable spatial
representation for our setting.

We also report ablation results on LIBERO Spatial and
Object in Table VII. Due to the relatively high baseline
performance, the impact of individual components appears
smaller, but removing key modules still leads to consistent
degradation, confirming their contribution to spatial reason-
ing.

4) Online Reinforcement Learning Finetuning: We further
evaluate ISF-VLA as a policy prior in reinforcement learning
(Fig. 4) by integrating it into the SimpleVLA-RL framework
[39] to improve out-of-distribution generalization. Lever-
aging the pre-trained ISF-VLA representation, the agent
achieves substantial gains after only 35 RL training steps:
PickCube Level 3 success increases from 65% to 92%, and



TABLE III: Simulation results on the LIBERO benchmark. Success rates (SR) and rankings are provided for each method
across four task suites, averaged over three random seeds with 500 trials.

LIBERO-Spatial LIBERO-Object LIBERO-Goal LIBERO-Long Average
SR(P) Rank () | SR(D Rank (D) | SR(1) Rank (1) | SR (1) Rank () | SR () Rank ()
Diffusion Policy (scratch) [36] | 78.3% 9 92.5% 5 | 68.3% 9 | 50.5% 9 | 72.4% 9
Octo (fine-tuned) [2] 78.9% 8 85.7% 8 84.6% 5 51.1% 8 75.1% 7
OpenVLA (fine-tuned) [3] 84.7% 6 88.4% 7 79.2% 6 53.7% 7 76.5% 6
TraceVLA (fine-tuned) [18] 84.6% 7 85.2% 9 75.1% 8 54.1% 6 74.8% 8
Spatial VLA (fine-tuned) [8] 88.2% 5 89.9% 6 78.6% 7 55.5% 5 78.1% 5
w0 + FAST (fine-tuned) [38] 96.8% 3 98.8% 2 95.8% 3 85.2% 3 94.2% 3
w0 (fine-tuned) [4] 96.4% 4 96.8% 4 88.6% 4 60.2% 4 85.5% 4
OpenVLA-OFT (fine-tuned) [31] | 97.6% 2 98.4% 3 97.9% 1 94.5% 2 97.1% 2
ISF-VLA (fine-tuned) 99.0% 1 99.0% 1 97.4% 2 95.8% 1 97.8% 1
TABLE IV: Evaluation on Bridge tasks using the WidowX [ S 1 = B @ = B0 B o B
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mance of ISF-VLA as a policy prior in online reinforcement
learning.

CloseBox Level 3 from 65% to 77%. The slower improve-
ment on CloseBox likely results from its larger exploration
space and the difficulty of random exploration for non-
prehensible objects. These results highlight the effectiveness
of ISF-VLA as a strong prior for rapid RL adaptation.

B. Real-World Experiments

1) Experimental Setup: We evaluate ISF-VLA on three
real-world manipulation tasks to test spatial perception and
generalization under realistic noise. Policies are trained with
100 demonstrations collected via human teleoperation using
Gello [40] on a Franka Panda and evaluated over 20 trials
following prior protocols. Due to the time cost of physical
rollouts, we benchmark three most representative baselines:
70.5 [5], OpenVLA-mini [3], Spatial VLA [8], and compare
them to our model, ISF-VLA.

As shown in Fig. 7, we present a brief description of our
real-world tasks as follows:

o LiberoPickButter: Seven household objects of varying
shapes and textures are placed on the table. The robot
must identify and pick the butter and place it into a
designated basket. The small target and visually com-
plex background demand both precise spatial control

o
o

0.0

LiberoPickButter FetchBow! LiftPegUpright

Fig. 6: Quantitative results on real-world tasks. ISF-VLA
achieves the highest success rates across tasks.

and fine-grained semantic discrimination.

o FetchBowl: Several bowls with different colors and
sizes are randomly arranged. The robot must locate and
pick the specific target bowl and place it on top of
the drawer. The task requires robust perception under
occlusion and accurate grasp planning for similarly
shaped objects.

o LiftPegUpright: The robot must lift the peg and then
place it to the right on the table. Demonstrations are
collected from a 10x10 grid of starting positions, with
each grid cell dimension being 3 cm, to evaluate unseen
spatial configurations. This task demands high precision
and tests the model’s ability to generalize across fine-
grained position and orientation changes.

2) Benchmark Results: As shown in Fig. 6, ISF-VLA
consistently outperforms both 2D models (70.5, OpenVLA-
mini) and the explicit 3D model (SpatialVLA) across all
three real-world tasks. In LiftPegUpright, which requires



TABLE V: Simulation results on the RoboVerse benchmark. We report performances on representative tasks from the

benchmark across multiple generalization levels.

Task and Generalization Level MoveSliderLeft (CALVIN)

CloseBox (RLBench)

PickCube (ManiSkill) PickButter (LIBERO)

Level 0 Level 1 Level 2 Level 3 ‘ Level 0 Level 1 Level 2 Level 3 ‘ Level 0 Level 1 Level 2 Level 3 ‘ Level 0 Level 1 Level 2 Level 3
Diffusion Policy [36] 76.5 81.3 72.0 60.0 515 42.8 20.0 10.4 52.7 11.1 0.0 0.0 40.0 20.0 0.0 0.0
ACT [37] 85.0 83.3 433 16.6 68.3 733 0.0 20.0 31.7 30.0 6.7 33 35.0 25.0 15.0 10.0
OpenVLA [3] 45.0 40.0 35.0 30.0 0.0 0.0 0.0 0.0 40.0 15.0 0.0 0.0 25.0 10.0 0.0 0.0
OpenVLA-mini [3] 65.0 70.0 55.0 70.0 80.0 80.0 60.0 50.0 79.0 69.0 55.0 53.0 80.0 85.0 80.0 85.0
70 [4] 70.0 725 55.0 68.0 82.5 85.0 70.0 60.0 88.0 85.5 76.8 55.0 715 80.5 85.0 75.0
Spatial VLA [8] | 675 65.0 45.0 555 | 700 65.0 675 550 | 860 73.0 482 450 | 655 59.0 445 40.0
ISF-VLA | 750 80.0 60.0 750 | 950 90.0 75.0 700 | 950 80.0 80.0 65.0 | 90.0 85.0 90.0 85.0

TABLE VI: Ablation study of ISF-VLA components on
RoboVerse CloseBox across generalization levels.

Task and Generalization Level ‘ Settings ‘ CloseBox (RLBench)

| | Lo Lo5 LI L2 L3

#All ISF-VLA 950 775 90.0 75.0 70.0
N ion Fi w/o i ion-aware fine-tuni 90.0 700 850 750 650
w/o 3D ing ali 850 725 875 700 65.0

Fusion Module w/o crf:ss—eflteplion 80.0 60.0 80.0 650 500
w/o DinoSigLiP token concat 850 650 80.0 70.0 60.0

Camera Tokens w/o camera tokens 85.0 550 80.0 550 40.0
from aggregator 850 500 850 450 60.0

Visual Token Selection w/o visual token selection 95.0 80.0 850 70.0 70.0
Data Scaling w/o demo scaling 90.0 725 80.0 650 70.0
Multi-view multi-view input (three views) 875 650 B850 650 400
Depth Noise w/ depth noise 95.0 750 850 750 650
Different 3D enoder Choioes | 1) Qg 53] 30 0 w3 73 5

TABLE VII: Ablation results on LIBERO Spatial and
Object.

Settings Spatial Object
ISE-VLA 99.0 99.0
w/o manipulation fine-tuning  98.4 98.6
w/o cross-attention fusion 97.9 98.2
w/o camera tokens 98.6 98.8
w/o visual token selection 99.2 99.0

high precision and generalization across fine-grained spatial
variations, ISF-VLA achieves 64.7% success, surpassing
Spatial VLA and 70.5 (52.9%) and OpenVLA-mini (35.3%).
In the highly challenging LiberoPickButter task, where the
small, soft, and nearly textureless target is placed among
cluttered objects, ISF-VLA attains 25% success, outper-
forming other baselines (5% and 0%) and matching the
performance of 70.5. Depth-based 3D models struggle with
noisy measurements on reflective or deformable surfaces,
while 2D models lack spatial perception; ISF-VLA mitigates
these issues via implicit geometric understanding. In Fetch-
Bowl, which involves varying bowl positions, occlusions, and
visually similar objects, ISF-VLA achieves 75% success,
demonstrating its ability to integrate global geometric context
with semantic cues for reliable manipulation. Overall, these
results confirm that implicit 3D fusion enhances robustness
in cluttered, occluded, and fine-grained real-world scenarios.

3) Spatial Generalization in the Real World: To evaluate
the model’s ability of spatial generalization in the real world,
we adopt the LiftPegUpright task. The task trains on a
10 x 10 grid of initial peg positions and tests on 17 unseen
placements (black dots in Fig. 5). The robot must lift the
peg and place it to the right with high precision, making it
highly sensitive to spatial misalignment and control errors.

(a) LiberoPickBut-
ter

(b) FetchBowl

Pick
Butter

Fetch
Bowl |

Lift
Peg

Task Progress

(d) Example stages illustrating our real-world tasks.

Fig. 7: Our real robot benchmark consists of three
challenging tasks, LiberoPickButter, FetchBowl and Lift-
PegUpright.

As shown in Fig. 5, ISF-VLA achieves 11/17 success-
ful trials, outperforming Spatial VLA (9/17), OpenVLA-mini
(6/17), and even 70.5 (9/17). Its successes are widely dis-
tributed across the workspace, demonstrating better extrap-
olation to unseen poses rather than mere interpolation. This
reflects ISF-VLA’s ability to capture implicit 3D spatial re-
lations within the feature space, enabling reasoning over fine
geometric variations without explicit depth or voxelization.
In contrast, Spatial VLA is prone to local spatial bias and
depth noise, while 70.5 and OpenVLA-mini struggle with
2D geometric ambiguity. These results underscore that learn-
ing implicit, geometry-aware representations supports more
robust spatial generalization in real-world manipulation.

V. CONCLUSION

In this work, we introduced ISF-VLA, a
vision-language—action model that integrates implicit
3D fusion for robotic manipulation. By combining 2D
semantics with implicit 3D geometry, ISF-VLA learns multi-
view—consistent and manipulation-aware representations
without requiring explicit 3D reconstruction. Experiments on
RoboVerse, LIBERO, and Bridge, including real-world tasks
such as LiberoPickButter, FetchBowl, and LiftPegUpright,
show that ISF-VLA consistently outperforms both 2D-only
and explicit-3D baselines in task success and camera-pose
generalization. These results demonstrate that implicit



spatial fusion is an effective approach for improving spatial
reasoning in robotic manipulation.

Limitations. The current model relies on an autoregressive
action generation architecture. Future work will explore
integrating ISF-VLA into a dual-system framework with a
flow-matching action head. In addition, multi-layer 2D-3D
feature fusion and more efficient training strategies may
further improve performance while preserving knowledge
from large-scale robotics pretraining.
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