arXiv:2606.17480v1 [cs.CV] 16 Jun 2026

GeneralVLA-2: Geometry-Aware Reconstruction and
Governed Memory for Robot Planning

Haoyu Wang'* Guogqing Ma®>* Zeyu Zhang'*' Yandong Guo® Boxin Shi' Hao Tang'!

1School of Computer Science, Peking University 2CASIA 3AI? Robotics
*Equal contribution. TProject lead. *Corresponding author: bjdxtanghao @gmail.com.

Abstract: Generalist vision-language-action systems need object-centric 3D ev-
idence and reusable manipulation experience to plan reliable robot trajectories.
General VLA provides a hierarchical interface for converting language and RGB-
D observations into 3D end-effector paths, but two bottlenecks remain. First,
monocular SAM3D-style object reconstruction can hallucinate pose and unseen
geometry, while manipulation benefits from stable object shape when calibrated
multi-view observations are available. Second, the original KnowledgeBank
mainly retrieves semantically similar snippets and appends new knowledge, which
makes it difficult to control memory quality, conflicts, confidence, and geomet-
ric relevance. To address the first challenge, we introduce GeoFuse-MV3D,
a geometry-prior-guided MV-SAM3D reconstruction branch that verifies exter-
nal geometry cues with input-view masks, applies soft visual-hull support, per-
forms axis-wise refinement, and fuses only geometry while preserving appear-
ance. To address the second challenge, we upgrade KnowledgeBank into a gov-
erned long-term memory system with explicit quality, confidence, lifecycle, ver-
ifier, and conflict metadata, together with precision-oriented retrieval. Finally,
we evaluate the reconstruction branch on GSO-30 and the memory module on
Terminal-Bench 2.0 and SWE-Bench Verified; GeoFuse-MV3D improves over
the MV-SAM3D baseline by reducing CD and LPIPS by 2.20% and 2.02%
while increasing PSNR and SSIM by 2.36% and 1.03%, and KnowledgeBank
improves over ReasoningBank by 4.53% on Terminal-Bench SR and 3.73%
on SWE-Bench resolve rate, while reducing AS by 4.95% and 5.65%, respec-
tively. Code: https://github.com/AIGeeksGroup/GeneralVLA-2. Website:
https://aigeeksgroup.github.io/GeneralVLA-2.
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1 Introduction

Background. Robotic manipulation increasingly relies on hierarchical vision-language-action
(VLA) systems that separate perception, spatial reasoning, and low-level control. General VLA
follows this design: a SAM-based affordance segmentation [1] and iterative localization module ex-
tracts task-relevant visual evidence, 3DAgent reasons over language and depth-projected 3D scene
points, and a low-level policy executes the resulting end-effector trajectory [2]. This decomposition
is attractive because the intermediate 3D trajectory is interpretable and can be corrected with better
object geometry or better planning memory. In General VLA-2, we therefore focus on two planner-
facing interfaces: an added object-geometry evidence branch for 3DAgent and the KnowledgeBank
context retrieved from past manipulation experience.

Challenge. The first challenge is reliable object reconstruction from robot observations. Single-
image SAM3D-style reconstruction can generate plausible 3D objects from one image and mask,
but it is vulnerable to monocular pose ambiguity and hallucinated backside structure [3]. This is
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problematic for manipulation, where a small pose or shape error can change the grasp, clearance,
or collision relation. The second challenge is reliable experience reuse. The original Knowledge-
Bank stores natural-language memories from past trajectories, but semantic similarity alone does
not guarantee that a retrieved memory is safe, current, non-conflicting, or geometrically applicable
to the present scene. These two challenges are distinct but coupled: the planner needs both faithful
current-scene geometry and trustworthy long-term manipulation knowledge.

Motivation. For the first challenge, calibrated RGB-D sensing provides a practical opportunity:
when short multi-view observations around an object are available, they can reduce the need for
monocular hallucination. The reconstruction update must remain conservative because downstream
planning is sensitive to missing parts, over-shrunk geometry, and color or opacity drift. For the
second challenge, past manipulation experience should be treated as governed knowledge rather
than an append-only text cache. A memory item should carry evidence about where it came from,
how reliable it is, whether it is active or stale, what conflicts it has, and whether it matches the
current geometry well enough to influence a new trajectory.

Contribution. Our first contribution addresses the reconstruction challenge with GeoFuse-M V3D,
an improved MV-SAM3D branch for single-object multi-view generation. GeoFuse-MV3D treats
external 3D estimation as a geometry-prior provider rather than as the method itself: it validates the
prior against input masks, applies appearance calibration, performs soft visual-hull [4] and axis-wise
geometry refinement, and uses conservative geometry-only fusion while preserving the fixed input
views used by the MV-SAM3D benchmark. Our second contribution addresses the experience-
reuse challenge by upgrading KnowledgeBank into a governed long-term memory system. The
new records store quality, confidence, lifecycle state, verifier metadata, usage statistics, and conflict
links; verifier signals control admission and promotion; and retrieval is precision-oriented rather than
purely semantic. Our third contribution is an experimental evaluation: we benchmark reconstruc-
tion on GSO-30 and evaluate the KnowledgeBank module on Terminal-Bench 2.0 and SWE-Bench
Verified.

Summary. The resulting GeneralVLA-2 keeps the hierarchical GeneralVLA interface but
strengthens the two forms of evidence that condition 3DAgent. GeoFuse-MV3D supplies more sta-
ble object geometry under the multi-view reconstruction setting, while governed memory supplies
more controlled experience reuse. On GSO-30, GeoFuse-MV3D improves over the MV-SAM3D
baseline across CD, PSNR, SSIM, and LPIPS, and ablations show that geometry-prior guidance,
mask support verification, and conservative fusion provide complementary gains. On the agent
benchmarks, governed memory improves over no-memory and prior memory baselines while re-
ducing AS, supporting the use of explicit memory governance for long-horizon planning.

2 Related Work

Object-centric 3D reconstruction. Single-image 3D methods can produce plausible objects, but
they are vulnerable to pose ambiguity and hallucinated unseen structure. SAM3D reconstructs ge-
ometry, texture, and layout from one image and mask [3], while Fast-SAM3D improves the speed-
quality tradeoff [5]. MV-SAM3D extends this line to multi-view input and adaptive fusion, using
complementary observations to improve reconstruction without additional training [6]. GeoFuse-
MV3D builds on MV-SAM3D, but uses external feed-forward geometry estimates only as priors. In
our implementation this prior is instantiated with VGGT [7]; the contribution is the mask-verified,
appearance-preserving fusion mechanism that makes such priors usable inside the MV-SAM3D re-
construction protocol.

VLA and 3D robot planning. Vision-language-action systems connect visual observations, lan-
guage instructions, and robot actions. RT-2, Octo, OpenVLA, 7, and TinyVLA demonstrate the
value of large-scale visual-language and robot data for generalist control [8, 9, 10, 11, 12]. A com-
plementary line uses foundation models to produce intermediate plans or 3D representations, as



in Code-as-Policies, VoxPoser, and Manipulate-Anything [13, 14, 15]. General VLA follows this
interpretable intermediate-representation design: SAM-based affordance segmentation, iterative lo-
calization, 3DAgent planning, and low-level execution are separated [2]. GeneralVLA-2 keeps this
hierarchy and strengthens the two inputs that condition 3DAgent: refined object-centric geometry
and retrieved long-term experience.

Memory, verification, and governance. Long-horizon agents benefit from reusing past experi-
ence, as shown by Synapse, Agent Workflow Memory, and ReasoningBank [16, 17, 18]. However,
semantic relevance alone does not guarantee that a memory is safe, current, non-conflicting, or ge-
ometrically applicable to a new manipulation scene. LLM-as-a-judge and verifier-oriented methods
provide scalable signals for judging open-ended trajectories, especially when criteria are decom-
posed and score tokens are handled carefully [19, 20]. General VLA-2 uses verifier signals as per-
sistent KnowledgeBank metadata, so retrieval depends not only on textual similarity but also on
quality, confidence, lifecycle state, conflict status, and failure-aware constraints.

3 Preliminaries

Task setting. We consider a stream of tabletop manipulation tasks. At task ¢, the robot receives
a language instruction ¢; and an RGB-D observation o; = (I, D;) from one or more calibrated
cameras. The objective is to generate an executable robot trajectory that satisfies the instruction
under the current object arrangement, obstacle layout, and grasping constraints. Following Gener-
alVLA, the system decomposes this problem into three stages: affordance perception, 3D trajectory
planning, and low-level execution [2].

Affordance segmentation and 3D point construction. The high-level affordance segmentation
module (ASM) in General VLA uses SAM-based segmentation [1] together with iterative localiza-
tion to predict task-relevant object and obstacle affordances in the image. Given the depth map and
calibrated camera intrinsics, these 2D affordance points are projected into a 3D scene representation
X, = {(si, P?P)}1 |, where s; is an object or region label. Multiple 3D points per object help the
planner infer extent, pose, opening direction, obstacle height, and other spatial relations that cannot
be recovered from a single point.

3DAgent trajectory planning. The mid-level 3DAgent receives the instruction ¢y, the 3D scene
representation X, and a retrieved KnowledgeBank context B;. It produces a coarse end-effector
path

7= {(Te, Y0, 20, 90) Yty (D
where (¢, y¢, z¢) is a 3D waypoint and g, denotes the gripper state. This trajectory is then passed
to the low-level 3D-aware policy and grasping module for execution. The trajectory is therefore an
intermediate contract: it must be semantically aligned with the language goal, geometrically valid
in the current scene, and easy for the low-level controller to execute.

Original KnowledgeBank. GeneralVLA equips 3DAgent with a KnowledgeBank that stores
natural-language items extracted from previous trajectories and retrieves semantically similar snip-
pets for future prompts. This gives 3DAgent a useful test-time learning loop, but it leaves three
gaps: semantic similarity does not ensure geometric applicability, failed trajectories need to become
constraints rather than action recipes, and a growing memory needs lifecycle control to suppress
duplicate, conflicting, stale, or low-confidence records.

4 Method

Figure 1 summarizes the full General VLA-2 pipeline. The system builds object-centric 3D evidence
from calibrated observations, using GeoFuse-MV3D when multi-view object inputs are available,
then conditions a 3D-capable planning agent on both the refined object geometry and the governed
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Figure 1: Overview of GeneralVLA-2 for robot manipulation. When calibrated multi-view ob-
ject observations are available, GeoFuse-M V3D converts the views, masks, and camera poses into
refined object-centric 3D evidence; the 3D-capable planning agent combines this evidence with gov-
erned KnowledgeBank retrieval; and the robot execution module follows the resulting multi-stage
end-effector trajectory.

KnowledgeBank, and finally executes the planned trajectory through the robot grasping and motion
module. The following subsections describe the two planner-facing improvements: GeoFuse-MV3D
for object reconstruction and governed KnowledgeBank for experience reuse.

4.1 GeoFuse-MV3D Reconstruction Branch

General VLA-2 first adds an object-side multi-view reconstruction branch to complement the original
SAM-based affordance segmentation and iterative localization interface. With calibrated multi-view
RGB-D observations around the same object, monocular hallucination becomes less necessary than
it is in a single-image setup. We build on MV-SAM3D and introduce GeoFuse-MV3D as a con-
servative multi-view reconstruction branch: it uses the fixed input views and masks to regularize
geometry, and it applies small continuous corrections rather than hard deletion.
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Figure 2: GeoFuse-MV3D reconstruction branch in GeneralVLA-2. The branch keeps the same
multi-view inputs, masks, and poses as MV-SAM3D, then refines the baseline with two comple-
mentary geometry sources and conservative geometry-only fusion.

As shown in Figure 2, GeoFuse-MV3D is organized around two geometry sources. Let the multi-
view input be

D= {(IhMi’Ki?n)}iEV Vin = {07172a374}a (2)

in?



where I; is the RGB observation, M; is the object mask, K; is the camera intrinsic matrix, and T; is
the camera pose. MV-SAM3D produces an initial Gaussian object

Go = {(x,00)} 4, 3)

where xé € R3 is a Gaussian center [21] and 96 contains the non-geometric rendering attributes,
including opacity, scale, rotation, and spherical-harmonic appearance. Source A starts from the
MV-SAM3D output, incorporates an external geometry-prior provider instantiated with VGGT in
our implementation, and applies lightweight appearance affine calibration. Source B is an input-
view axis-compensation branch that does not use the external provider.

Both geometry sources are checked against the same input masks. For a point p, let V(p) be the
input views where it projects inside the image, and let M;(7;(p)) be the bilinearly sampled mask
value. The mask-consistency score is

1
s(p) = max([V(p)],1) Z M;(7i(p))- “)

i€V(p)

Instead of deleting low-support points or reducing opacity, GeoFuse-MV3D converts low support
into a small inward geometry correction:

pr=c+(p—c)(1-Ap)), ®))

with ¢ the object center and A\(p) bounded by a small maximum shrink ratio. Source A also applies
a lightweight appearance affine calibration, but the final fusion remains geometry-only so that color,
opacity, scale, rotation, and SH appearance fields are not overwritten.

We then apply a low-dimensional axis-wise correction to the Gaussian centers and synchronize the
same transform to the mesh vertices. Writing a € R? for axis scales and § € R3 for a small shift,
the corrected point is

Pli=ct+t(® —c)0a+i (6)
The axis parameters are selected to improve mask agreement while remaining close to the original
MV-SAM3D geometry. This keeps Source B provider-free: it uses only the input masks, poses, and
the existing reconstruction, so it is orthogonal to the external geometry-prior branch.

Finally, when the two outputs preserve compatible Gaussian indexing, we blend only the geometry
coordinates with
Pout = (]- - a)pA + apR, (7)

while leaving color, opacity, scale, rotation, and SH features unchanged. More generally, when
source A provides the trusted non-geometric Gaussian attributes, the final output is

Gout = {((1 - a)xf;‘ + o<ac§37 Hf;l) é_\r:r 8

This keeps the final branch conservative: it can absorb compatible geometry corrections, but it
falls back to the trusted source-A result whenever topology differs or mask support is weak. Ap-
pendix A.3 gives the expanded equations for projection, soft visual hull, appearance calibration, and
confidence-weighted residual fusion.

4.2 Governed KnowledgeBank Overview

With this object-side evidence, GeneralVLA-2 supplies refined 3D information to 3DAgent when
it is available. It also improves the mid-level planner by replacing the original append-oriented
KnowledgeBank with a governed KnowledgeBank. Figure 3 summarizes this memory subsystem.
The affordance segmentation interface and low-level execution interface remain unchanged. At each
robot task, General VLA-2 retrieves a compact set of reliable memory records, renders them as a
structured planning context, and asks 3DAgent to produce a 3D waypoint path. After execution, the
completed trajectory, scene representation, final outcome, and execution feedback are verified. The
system then extracts candidate knowledge, assigns quality and confidence metadata, and updates the
KnowledgeBank through admission, merging, conflict handling, summarization, and archival.
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Figure 3: Architecture of the governed KnowledgeBank module used by GeneralVLA-2. The mod-
ule writes verifier-labeled memories, retrieves high-quality records, and manages their lifecycle be-
fore conditioning the 3DAgent planner.

This design follows a simple principle: the robot should not trust either geometry or memory blindly.
GeoFuse-MV3D reduces monocular pose hallucination in the multi-view reconstruction setting,
while governed memory decides which past manipulation knowledge has enough support to in-
fluence the next trajectory. When no sufficiently reliable knowledge exists, the retriever can abstain
and 3DAgent plans from the current observation alone.

4.3 Governed Memory Operations

KnowledgeBank stores each reusable manipulation lesson as a structured record rather than as an
untyped text snippet:

m = (q,¢,y,2,k R, L,v), 9)
where ¢ is the source query, c is the reusable content, y is the memory type, z is the lifecycle state,
k is confidence, R is a verifier-derived quality score, L stores conflict or supersession links, and v
stores verifier metadata. Memory types separate procedural hints, failure-avoidance constraints, and
tool-usage guidance; lifecycle states separate provisional, active, summary, and archived records.
This distinction is important for robot planning because a failed trajectory can provide a useful
constraint, but should not be replayed as a positive action recipe.

After task t, the runtime logs the instruction, scene representation, planned trajectory, execution
feedback, and outcome. A verifier scores the candidate knowledge using task completion, spatial
consistency, collision safety, execution validity, and generalizability criteria. Following verifier-style
score aggregation [20], we compute a quality score I?; from criterion-level scores and promote only
sufficiently supported candidates. Retrieval is precision-oriented:

S(Qt7 X, m) = Ttext (Qtv m) + Km + bsuccess(m) + brecency (m)

+ busage(m) — Pconflict (m) — Pstale (m)
The retrieved records are rendered as bounded planning context for 3DAgent: procedural memories
are optional hints, failure memories are constraints, and stale or conflicting records are suppressed.
Consolidation then performs add, merge, replace, discard, summarization, and archival operations

under a fixed active-memory budget. Appendix B.1 provides the full record schema and lifecycle
details.

(10)

4.4 Integration with 3DAgent

General VLA-2 keeps the General VLA hierarchy and strengthens the two interfaces that condition
3DAgent. The SAM-based ASM and iterative localization still provide task-relevant visual affor-
dances, depth projection still defines the planner-facing 3D point interface, and the low-level policy



still consumes the waypoint-and-gripper trajectory. GeoFuse-MV3D adds refined object-centric
geometry when calibrated multi-view object inputs are available, while the governed Knowledge-
Bank enriches the retrieved planning context. At inference time, 3DAgent receives the instruction,
the current 3D scene representation, the refined object evidence when available, and the structured
KnowledgeBank block. It then outputs the same trajectory format expected by the low-level policy.
This separation keeps General VLA-2 compatible with the original robot stack while improving the
geometry and memory evidence used for planning.

5 Experiments

5.1 GeoFuse-MV3D GSO-30 Evaluation

We first evaluate GeoFuse-M V3D on the GSO-30 single-object multi-view benchmark, derived from
Google Scanned Objects [22], following the official MV-SAM3D protocol. For fairness, the MV-
SAM3D baseline and all GeoFuse-M V3D variants use the identical GSO-30 object list, the identical
five input views (0, 1,2, 3,4), the identical object masks, and the identical camera poses. We eval-
uate held-out rendering on target views (10, ...,24) and report Chamfer Distance (CD), PSNR,
SSIM [23], and LPIPS [24]. Lower CD and LPIPS are better; higher PSNR and SSIM are better.
The baseline numbers are produced by our local reproduction using the official MV-SAM3D code
and reported configuration, while GeoFuse-M V3D changes only the reconstruction refinement stage
through geometry-prior guidance, mask verification, and geometry-only fusion. The full quantita-
tive table is reported in Appendix A. In summary, GeoFuse-M V3D improves all four reconstruction
metrics relative to the MV-SAM3D baseline: CD and LPIPS decrease by 2.20% and 2.02%, while
PSNR and SSIM increase by 2.36% and 1.03%.

5.2 KnowledgeBank Evaluation

We evaluate the KnowledgeBank memory-governance module outside the robot stack, using
Terminal-Bench 2.0 [25] and SWE-Bench Verified [26, 27] as controlled long-horizon agent bench-
marks. This module-level evaluation isolates whether admission, verification, retrieval, and lifecy-
cle management improve experience reuse before the same governed KnowledgeBank is attached to
3DAgent. Terminal-Bench is reported with success rate (SR) and AS, while SWE-Bench Verified is
reported with resolve rate and AS; AS denotes average steps, so lower values indicate more efficient
problem solving.

Full results are moved to Appendix B.2. Across four model backbones, KnowledgeBank improves
over ReasoningBank by 4.53% on Terminal-Bench SR and 3.73% on SWE-Bench resolve rate,
while reducing AS by 4.95% and 5.65%, respectively. The result supports the main design choice:
reusable experience is more reliable when memory admission, retrieval, conflict handling, and life-
cycle updates are explicitly governed rather than treated as append-only semantic retrieval.

5.3 Training-free Performance for Robotic Planning

Implementation details. We use GeoFuse-MV3D to extract object-centric 3D evidence when
multi-view object observations are available, and use DeepSeek-R1 [30] for reasoning over text-
serialized 3D points. We evaluate 14 RLBench [28] simulation tasks with a Franka Panda robot,
RGB-D observations, and motion-planner execution [31]. Before testing, the agent explores each
task ten times and stores reusable experience in the KnowledgeBank without parameter training [32].
We compare with CAP [13], Hamster [29], and VoxPoser [14]; Appendix C provides the full envi-
ronment and baseline details.

General VLA-2 generates successful trajectories for all 14 tasks, while Hamster, VoxPoser, and CAP
cover only 10, 9, and 7 tasks, respectively (Table 1). It outperforms the baselines in 10 tasks, and
removing KnowledgeBank consistently lowers success, showing that governed experience reuse
helps trajectory planning. Appendix C discusses the remaining difficult task categories.



Table 1: Task-averaged success rate % for training-free evaluation. Methods are evaluated
in simulation tasks from RLBench [28]. w/o KnowledgeBank removes retrieved KnowledgeBank
guidance from trajectory planning. Each task was evaluated over 3 seeds to obtain the task-averaged
success rate and standard deviations.

Method Put_block Play_jenga Open_jar Close_box Open_box Pickup_cup  Push_block
VoxPoser [14] 70.70£2.31 0.00£0.00  0.00£0.00  0.00£0.00  0.00+0.00  26.70£14.00 25.33+8.33
CAP [13] 84.00+£16.00  0.00£0.00  0.00£0.00  0.00+£0.00  0.00+0.00  14.67+4.62  8.00+4.00
Hamster [29] 78.33+6.11 0.00+0.00  77.67£11.55  0.00£0.00  0.00+0.00 9.00£2.26 5.00£6.11
General VLA-2 (Ours) 90.33+8.72  85.33+14.05 85.00+6.93 54.67+£12.00 38.33+12.86 87.33+6.11 25.00£15.53
General VLA-2 w/o KnowledgeBank  75.00+14.05 63.33+£11.37 68.67+6.43 31.00+£15.53 10.00+£12.86 76.67+11.37 15.00+£4.00
Method Take_umbrella Sort_mustard Open_wine Lamp_on Put _knife Pick &_lift  Insert_block
VoxPoser [14] 33334833  96.00+£6.93  8.00+£4.00 57.30+12.22 92.00+£4.00  96.00+£0.00  0.0040.00
CAP [13] 4.00+4.00 0.00£0.00  0.00+£0.00  64.00+£6.93 14.67£8.33  100.00+0.00  0.00+0.00
Hamster [29] 8.67£2.31  44.331+12.86 34.334+20.13 61.00+£8.00 23.00+0.00  96.00+0.00  0.00£0.00
General VLA-2 (Ours) 68.00£15.62  79.334+19.22 44.67+14.05 78.67+10.58 63.67+12.86 90.674+12.00 34.33+11.14

General VLA-2 w/o KnowledgeBank  48.00+15.53  57.334+6.43 26.33+14.05 58.67+15.62 43.67+6.11 66.00+£19.22 13.33+£6.93

We further ablate GeoFuse-MV3D in Appendix A.4. The ablation shows that the geometry-prior
branch is strongest for CD, the provider-free axis branch gives the strongest single-source appear-
ance metrics, and their conservative geometry fusion gives the best PSNR, SSIM, and LPIPS while
keeping CD clearly better than the MV-SAM3D baseline.

5.4 Real-World Robot Experiments

Environment and tasks. We test General VLA-2 on an Agilex-2.0 Piper manipulator with a parallel
gripper and a top-facing Intel RealSense L515 RGB-D camera. The four language-conditioned tasks
are move_spray_bottle, open_drawer, open_jar, and sort_object, each evaluated over 10 episodes with
varying object poses across three trials.

Results. General VLLA-2 succeeds on all four real-world tasks and outperforms CAP and Robo-
Point [33]. Table 2 summarizes the quantitative results, and Figure 4 shows representative execu-
tions. Appendix C gives additional task-level interpretation.

Table 2: Success rates for real-world training-free task completion.

Method Move_spray _bottle Open_drawer Open_jar Sort_object
CAP (0-shot) 6.67 0.00 36.67 70.00
RoboPoint [33] (0-shot) 0.00 0.00 20.00 63.33
General VLA-2 (training-free) 63.33 40.00 53.33 83.33

"Pick up the spray bottle “Open the draw using “Unup the frcnspar.- “Pick up the cabbage
and put it on the blue pad.” its handle.” ent bottle.” and put it into the box."

Figure 4: Real-world training-free demonstrations for four manipulation tasks.

6 Limitations

General VLA-2 still depends on reliable calibrated observations, masks, poses, and verifier quality;
failures in these inputs can propagate to reconstruction or memory retrieval. In the multi-view
reconstruction setting, calibration or mask failures can directly affect GeoFuse-MV3D. The method
is intentionally conservative, so its gains over MV-SAM3D are consistent but modest, and our real-
world evaluation does not yet cover long-horizon mobile manipulation, heavy occlusion, deformable
objects, or human-in-the-loop recovery. Appendix D provides additional discussion.



7 Conclusion

We presented General VLA-2 as a planner-facing extension of GeneralVLA. GeoFuse-MV3D im-
proves object-centric 3D evidence under calibrated multi-view inputs through mask-verified ge-
ometry support, provider-agnostic priors, axis-wise refinement, and appearance-preserving fusion.
The governed KnowledgeBank improves experience reuse through verifier-aware records with qual-
ity, confidence, lifecycle, conflict, and usage metadata. Experiments show that GeoFuse-MV3D
improves GSO-30 reconstruction over the MV-SAM3D baseline under the same input-view proto-
col, while KnowledgeBank improves Terminal-Bench 2.0 and SWE-Bench Verified results across
multiple backbones. Together, these results suggest that hierarchical VLA systems benefit from im-
proving the planner inputs directly: more faithful object geometry and more controlled long-term
memory.
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Appendix
A Additional GeoFuse-MV3D Evaluation

This appendix collects the complete GeoFuse-MV3D reconstruction evidence: the main GSO-30
quantitative result, additional qualitative comparisons, implementation equations, and component
ablations. All GeoFuse-MV3D experiments use the same GSO-30 objects, five input views, masks,
camera poses, and held-out target views as the reproduced MV-SAM3D baseline.

A.1 GSO-30 Reconstruction Results
Table 3: GSO-30 reconstruction results for GeoFuse-MV3D.

Method CD ] (1073) PSNR T SSIM 1 LPIPS |
MV-SAM3D baseline 45.8876 13.2421 0.8051 0.2795
GeoFuse-MV3D 44.8770 (-2.20%) 13.5547 (+2.36%) 0.8134 (+1.03%) 0.2739 (-2.02%)

A.2 Qualitative Reconstruction Results

Figures 5 and 6 provide additional qualitative comparisons between the MV-SAM3D baseline and
GeoFuse-MV3D on GSO-30 objects. For each object, both methods use the same five input views,
object masks, and camera poses. This appendix complements the quantitative CD, PSNR, SSIM, and
LPIPS results in Section 5.1: GeoFuse-MV3D keeps the evaluation protocol fixed while producing
more complete and geometrically consistent object reconstructions in several challenging cases.

A.3 Additional GeoFuse-MV3D Details

This appendix expands the compact GeoFuse-MV3D equations used in Section 4.1. Given a 3D
point p, its projection into input view ¢ is

i(p) :H(KZTZ» m) (11)

where TI(-) denotes perspective division. For a Gaussian set G, the average mask reprojection dis-
agreement is

1Y ,
Euack(G) = 57 2 (1= 5(27)). (12)

GeoFuse-MV3D uses this as a conservative diagnostic rather than a hard deletion rule. Low support
is converted into a bounded shrink strength

AP) = Amax - o—<7_ns(p)>27 (13)

where 7 is the support threshold, 7 is the softness, and A, .« is the maximum shrink ratio.
For Source A, appearance affine calibration estimates a small per-channel gain g; and bias b; on
masked pixels Q; = {u : M;(u) > 0}:

1) = segip 3

gibi

9O Ii(w) + b = Lw) | +Bllgi =13 +Blbil3. (14

The regularizers keep calibration close to identity, which helps preserve the input object’s original
tone.

For Source B, axis compensation chooses scale and shift parameters by

(a*,6%) = axg min Bpask(Ta,s(G)) + palla — 113 + ps I513, (s)
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Figure 5: Additional qualitative comparison between MV-SAM3D and GeoFuse-M V3D on the first
set of GSO-30 objects. Each row uses the same five input views, masks, and camera poses for both
methods.

where T, s(p) = ¢+ (p — ¢) ©® a + . When support scores are available for both sources, geometry
fusion can be written as confidence-weighted residual fusion:

Th =T +aw! (@ — ). w) = clip(s(e)s(a}),0,1). (16)

The non-geometric attributes remain 67 , = Gf;l.
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Figure 6: Additional qualitative comparison between MV-SAM3D and GeoFuse-M V3D on the sec-
ond set of GSO-30 objects. GeoFuse-MV3D applies mask-verified, appearance-preserving geom-
etry refinement, improving object completeness and pose consistency without changing the input

protocol.
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A4 GeoFuse-MV3D Component Ablation

We ablate GeoFuse-MV3D to separate the effect of geometry-prior guidance, input-mask soft visual
hull support, the provider-free axis-compensation branch, and multi-source geometry fusion. All
rows use the same GSO-30 object set, the same five input views (0, 1,2, 3, 4), and the same held-out
target views (10, ...,24).

Table 4: Component ablation of GeoFuse-MV3D on GSO-30 full30, averaged over three seeds.

Variant CD | (107%) PSNR 1 SSIM 1t LPIPS |
MV-SAM3D baseline 45.8876 13.2421 0.8051 0.2795

A: geometry prior + appaff 452204 (-1.45%) 13.4546 (+1.60%) 0.8103 (+0.65%) 0.2876 (+2.90%)
A + softVH 45.1879 (-1.52%) 13.4470 (+1.55%) 0.8104 (+0.66%) 0.2877 (+2.93%)
B: provider-free axis compensation 45.7427 (-0.32%) 13.4985 (+1.94%) 0.8109 (+0.72%) 0.2758 (-1.32%)
A+B geometry fusion 44.9530 (-2.04%) 13.5549 (+2.36%) 0.8135 (+1.04%) 0.2735 (-2.15%)

Table 4 shows that the geometry-prior main-provider branch is the strongest single source for CD,
while the provider-free axis branch gives the strongest single-source PSNR, SSIM, and LPIPS gains.
Adding softVH further improves CD and SSIM over source A, but it slightly lowers PSNR and
LPIPS because the mask-support constraint prioritizes geometric support over appearance fidelity.
Combining the two sources gives the best PSNR, SSIM, and LPIPS among the ablated component
rows while keeping CD clearly better than the baseline.

B Additional KnowledgeBank Evaluation

B.1 Additional KnowledgeBank Details

The full KnowledgeBank record additionally includes source status, usage statistics, deduplication
keys, and verifier metadata:

m = (i,q7C,y,S,Z,/€,R,U,d,E,U). (17)

The lifecycle state z is one of provisional, active, summary, or archive. The memory type y is
one of procedural_hint, failure_avoidance, or tool_usage. Procedural hints capture reusable positive
strategies, failure-avoidance memories record negative lessons from failed or unsafe trajectories,
and tool-usage memories describe reusable interaction knowledge for the planning or execution
interface.

After a task finishes, the verifier evaluates whether trajectory-derived knowledge should influence
future planning. For robot tasks, the criteria correspond to task completion, spatial consistency, colli-
sion safety, execution validity, and generalizability. For the module-level software-agent evaluation,
the same KnowledgeBank implementation uses root-cause analysis, code quality, and empirical ver-
ification criteria. With criterion set C and score-token set V), the verifier-derived quality score can be
written as

1
Re= 17 22 3 po(v | a0 X, 0(0), (18)

ceCveY

where ¢(-) maps valid score tokens to [0, 1]. If log probabilities are unavailable, the system parses
the tagged score and falls back to a midpoint score only when no valid token is found. The aggregate
score becomes one of verified_success, verified_fail, or uncertain.

Consolidation compares a candidate with active records using query relevance, content relevance,
signature similarity, deduplication keys, and conflict checks. The edit action is one of ADD,
MERGE, REPLACE, or DISCARD. Governance periodically retires stale failed records, resolves
conflicts within each memory type, creates summary memories from repeated successful clusters,
and archives overflow when the active budget is exceeded.
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B.2 KnowledgeBank Benchmark Results

Table 5 reports the full module-level KnowledgeBank evaluation on Terminal-Bench 2.0 and SWE-
Bench Verified. The backbone models are Qwen-3.5-Flash, Qwen-3.5-Plus [34], Gemini-3-Flash,
and Gemini-3.1-Pro [35, 36]. All metrics report mean =+ standard deviation over five seeds. The
experiment compares no memory, prior memory baselines, and the governed KnowledgeBank under
the same backbone models and benchmark protocols.

Table 5: KnowledgeBank results on Terminal-Bench 2.0 and SWE-Bench Verified.

Model Memory Method Terminal-Bench 2.0 SWE-Bench Verified
SRt AS | Resolve Rate 1 AS |
No Memory 48.5+1.6 42.842.7 67.0+1.1 45.6+1.4
AWM 50.1+1.3 41.8+2.2 68.440.8 44.241.6

Qwen-3.5-Flash  pesoningBank  52.842.0 40.9+1.5  70.8+1.5  42.5+1.1

KnowledgeBank 55.841.8 38.8+2.5 73.4+1.2 39.9+£1.0

No Memory 60.84+1.0 34.24+1.9 76.6+1.3 35.040.8
AWM 60.6+1.7 34.6+2.4 78.240.7 34.3+1.6
ReasoningBank 64.6+2.1 32.1+1.4 80.140.9 32.7+1.5
KnowledgeBank 67.44+1.9 30.4+1.7 83.6£1.6 30.6+1.2

No Memory 55.6+1.5 37.4+2.6 74.240.8 40.7+£1.4
AWM 56.8+1.6 36.4+2.9 74.6+1.0 40.6+£0.9
ReasoningBank 59.04+1.2 35.641.1 78.0+1.5 37.941.3
KnowledgeBank 61.8+1.7 34.1+£2.3 80.4+1.4 36.14+1.0

No Memory 68.4+0.8 30.71+2.7 78.24+1.3 28.5+1.2
AWM 70.1£2.1 30.1£2.0 79.94+1.1 28.0+0.8
ReasoningBank 73.0£1.0 28.8+1.3 82.24+1.6 26.8+1.7
KnowledgeBank 75.7+1.3 27.31+2.5 85.31+1.2 25.4+1.4

Qwen-3.5-Plus

Gemini-3-Flash

Gemini-3.1-Pro

KnowledgeBank outperforms the no-memory and prior-memory baselines across both benchmarks
and all model backbones. ReasoningBank is already a strong memory baseline: compared with
No Memory, it improves Terminal-Bench SR by 4.0 points and SWE-Bench resolve rate by 3.8
points on average, while also reducing AS. The governed KnowledgeBank further improves over
ReasoningBank, showing that memory quality control, conflict handling, and lifecycle management
improve experience reuse beyond semantic retrieval alone.

Table 6 reports the corresponding deployment cost. KnowledgeBank adds verifier and governance
calls, which appear in the extra-token column, but the shorter executions reduce total tokens and
latency relative to AWM and ReasoningBank for every backbone. No Memory remains the lowest-
cost reference because it removes retrieval and verification, but it also loses the accuracy gains
reported in Table 5.
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Table 6: Deployment cost accounting for memory-augmented agent execution.

Model Method AS Agent tok./task Extra tok./task Total tok./task Latency/task Storage MB
No Memory 29.8 64.0k 0.0k 64.0k 103.2s 0.0
Qwen-3.5-Flash AWM 28.9 67.0k 0.0k 67.0k 112.8s 1.6
: ReasoningBank  27.8 68.4k 0.0k 68.4k 115.4s 2.5
KnowledgeBank 25.3 61.0k 4.0k 65.0k 108.9s 3.6
No Memory 239 78.5k 0.0k 78.5k 164.2s 0.0
Qwen-3.5-Plus AWM 235 83.0k 0.0k 83.0k 179.3s 1.5
: ReasoningBank  22.0 84.0k 0.0k 84.0k 184.0s 2.1
KnowledgeBank 19.9 76.5k 4.5k 81.0k 174.8s 3.0
No Memory 26.5 71.5k 0.0k 71.5k 101.8s 0.0
Gemini-3-Flash AWM 259 76.4k 0.0k 76.4k 110.8s 1.5
ReasoningBank  24.6 77.0k 0.0k 77.0k 114.0s 2.3
KnowledgeBank 22.7 67.9k 4.9k 72.8k 106.9s 33
No Memory 20.6 130.5k 0.0k 130.5k 329.0s 0.0
Gemini-3.1-Pro AWM 20.0 140.0k 0.0k 140.0k 357.0s 1.4
e ReasoningBank ~ 19.0 141.2k 0.0k 141.2k 363.0s 2.0
KnowledgeBank 17.3 127.0k 5.8k 132.8k 344.0s 29

Note. AS is the unweighted macro-average over the agent benchmark settings used for cost accounting. Agent tokens include task execution
and compact memory-injection prompts; extra tokens count verifier, re-verification, induction, and governance calls outside AS. No Memory
is a no-retrieval, no-verification lower-cost reference rather than an accuracy—cost optimum. Storage is the final serialized memory-bank
footprint.

The main cost tradeoff is therefore not simply extra verifier usage; it is whether verifier outputs are
stored as persistent metadata that can improve future retrieval and reduce the number of agent steps.

B.3 KnowledgeBank Component Ablation

We ablate the major components of the governed KnowledgeBank to isolate the source of the gains.
The ablations remove the admission module (w/o Adm.), replay module (w/o Rep.), governance
module (w/o Gov.), and failure handling module (w/o Fail.). We also evaluate a semantic-retrieval-
only variant (Sem. Ret.) that retrieves memory by textual similarity without the full governance
pipeline.
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Table 7: Ablation study of KnowledgeBank.

Terminal-Bench 2.0 SWE-Bench Verified

Model Variant
SR 1 AS | Resolve Rate 1+ AS |
Full 55.8 38.8 73.4 39.9
w/o Adm.  52.7 0.5 705 417
wioRep.  53.9 39.9 712 412
Qwen-3.5-Flash 0,755y 516 414 69.1 430
w/o Fail.  54.8 398 71.8 411
Sem. Ret. 51.5 415 68.8 431
Full 67.4 30.4 83.6 30.6
w/o Adm.  64.4 32.0 30.9 32.5
wioRep. 653 315 81.5 317
Qwen-3.5-Plus /)0 G6v.  63.7 32.6 79.8 33.0
wlo Fail.  66.1 314 822 31.5
Sem. Ret.  63.4 329 79.4 332
Full 61.8 34.1 80.4 36.1
w/o Adm.  58.9 358 781 377
. wioRep.  59.6 35.3 784 372
Gemini-3-Flash 0,755, 5756 36.5 759 388
wlo Fail.  60.6 35.0 789 37.1
Sem. Ret. 57.4 36.6 752 39.0
Full 757 27.3 85.3 25.4
w/o Adm.  72.1 20.1 81.5 27.0
Geminia lpro WORep. 738 282 83.3 26.4
: wlo Gov. 710 29.4 798 279
wlo Fail. 743 28.0 83.8 26.3
Sem. Ret.  70.7 29.6 79.0 282

Table 7 shows that each component contributes to the complete memory module. Removing gover-
nance causes one of the largest drops, reducing Terminal-Bench SR by 4.2 points and SWE-Bench
resolve rate by 4.4 points on average, while increasing AS on both benchmarks. The Sem. Ret.
variant is weaker still, dropping 4.4 Terminal-Bench SR points and 5.0 SWE-Bench resolve-rate
points relative to the full system. These results support the central design choice of General VLA-2’s
KnowledgeBank: high-value memory requires lifecycle management, conflict control, and failure-
aware filtering rather than semantic retrieval alone. The smaller but consistent degradation from
removing failure handling further suggests that failed trajectories are useful only when they are
explicitly converted into constraints instead of being replayed as ordinary skill priors.

C Additional Robot Evaluation Details

For the simulation experiments in Section 5.3, the environment uses a Franka Panda robot with
a parallel gripper, CoppeliaSim, and PyRep. Four RGB-D cameras capture tabletop observations.
The 14 RLBench tasks cover different object categories, object poses, and task horizons, and robot
actions are represented as waypoints executed by a motion planner. CAP uses language models to
generate programs that call hand-crafted primitive actions; VoxPoser predicts waypoints through 3D
voxel value maps; and Hamster uses a VLM to generate 2D end-effector trajectories. We provide
CAP with ground-truth simulation states and object models, and VoxPoser with segmented object
point clouds, making the comparison conservative for GeneralVLA-2.
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The remaining difficult simulation tasks are mainly non-prehensile or fine-grained manipulation
tasks that require more precise 3D pose estimation or dynamic correction during execution. Vox-
Poser is limited in tasks that require moving the arm beyond 4-DoF, while CAP is constrained by
its hand-written primitive set. The gap between GeneralVLA-2 and General VLA-2 without Knowl-
edgeBank indicates that retrieved manipulation experience supplies useful task-level constraints be-
yond the current observation alone.

Figure 7 shows representative simulation rollouts used for qualitative visualization. The examples
cover button pressing, cup manipulation, and lamp operation, and each row presents temporally
ordered frames from the same episode.

Task Start Early

Buttons

Cup

Lamp

Figure 7: Simulation visualization examples from three representative manipulation rollouts.
Frames in each row are ordered from the beginning to the end of the same episode.

For the real-world experiments in Section 5.4, the agent explores each task ten times before testing
and stores reusable experience in the KnowledgeBank. The model parameters are not updated, so
the improvement comes from calibrated 3D perception, retrieval, and planning-time memory use
rather than policy fine-tuning. Figure 8 shows additional real-world execution frames from three
recorded robot trials. In open_drawer, General VLLA-2 localizes 3D objects and estimates the drawer
orientation, while RoboPoint only localizes targets in the 2D image. In move_spray_bottle, the
KnowledgeBank learns how high the gripper should lift an object after grasping to avoid collisions,
whereas CAP only has simple hand-crafted primitive actions and no dedicated primitive for opening
drawers.
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Trial Start Early Mid Final

Figure 8: Additional real-world robot execution visualizations from three recorded trials. Frames in
each row are sampled from the same video and ordered from the beginning to the end of the trial.

D Additional Limitations and Failure Modes

GeoFuse-M V3D inherits several practical constraints from the multi-view reconstruction setting. It
assumes that the input masks describe the target object consistently across views and that camera
poses are accurate enough for projection-based support checks. Severe mask leakage, missing object
regions, or calibration drift can therefore make the soft visual-hull score unreliable. The method also
preserves appearance attributes from the trusted source by design, which avoids color drift but limits
its ability to repair texture or lighting artifacts.

The governed KnowledgeBank depends on verifier reliability and task coverage. Incorrect verifier
judgments may promote weak memories or suppress useful ones, and rare failure modes may remain
underrepresented until the robot has observed them. The current real-world evaluation focuses on
tabletop manipulation with static objects and short horizons; future work should test longer mobile-
manipulation tasks, stronger occlusions, deformable objects, and interactive recovery.
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