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Abstract

Vision-language-action (VLA) models have become in-
creasingly effective general-purpose robot policies, but it
remains unclear how well their semantic competence trans-
fers to precise geometric manipulation under novel ob-
jects and embodiments. We present SO-101 Bench, a
compact benchmark for language-conditioned tabletop ma-
nipulation with an SO-101 arm. The benchmark eval-
uates four tasks across 56 household objects spanning
seen, unseen/seen-class, and unseen/unseen-class regimes.
We collect over 4,000 teleoperated demonstrations (∼20
hours), fine-tune GR00T-N1.6-3B, and evaluate the result-
ing policy in the real world. While the policy reaches
97.4% success on the simplest one-object bin task, perfor-
mance degrades sharply under spatial constraints, clutter,
and novelty, falling to 6.5% on the four-object bin task and
6.3% on the between task for fully unseen objects. Fail-
ure analysis suggests the main bottleneck is not instruction
grounding, but geometric execution: imprecise grasps, poor
grasp strategies for unfamiliar shapes, weak recovery, and
fragile spatial composition. We also preview the bench-
mark’s Isaac Lab extension for scalable real-to-sim eval-
uation.

1. Introduction

Vision-language-action (VLA) models offer a practical
route to general-purpose robot manipulation by combining
vision-language pretraining with action generation. Sys-
tems such as RT-2, Open X-Embodiment, π0, and GR00T
make this direction increasingly compelling [1, 8, 9, 11].
Yet evaluation remains difficult: real rollouts are costly,
simulation is valuable only when it tracks real behav-
ior, and benchmarks such as LIBERO, BEHAVIOR-1K,
VLABench, VLA-eval, and SIMPLER expose the tradeoff
between scale, realism, and diagnostic control [2, 4–6, 10].

We introduce SO-101 Bench, a compact real-world
benchmark for testing whether VLAs can convert seman-

tic understanding into precise geometric manipulation with
both seen and unseen objects. Across bin placement, next-
to placement, between placement, and directional move-
ment, a fine-tuned frontier VLA often identifies the right
object and coarse action, but remains brittle in grasp preci-
sion, relational geometry, and recovery behavior.

2. Benchmark and Policy
SO-101 Bench uses an SO-101 arm in a tabletop workspace
with overhead and wrist RGB cameras recorded at 640 ×
480. The tasks isolate distinct demands: bin placement tests
grasping; ”next-to” placement tests basic relational place-
ment; ”between” placement requires centering between ref-
erents; and directional movement requires moving an object
to a scene-induced boundary.

We collect approximately 4,400 teleoperated demonstra-
tions, or roughly 20 hours, over 30 household objects.
About half cover bin placement and the rest cover spatial
tasks. Scenes include same-class and same-color distrac-
tors, and instructions do not always include color terms,
forcing reliance on language, object identity, and spatial
context.

We fine-tune GR00T-N1.6-3B with the official GR00T
codebase [8]. To mitigate arm occlusion, the policy receives
the current overhead and wrist frames plus the episode’s
first overhead frame as a simple memory cue. We cross-
validate 20k, 35k, 55k, and 75k checkpoints and use the
55k checkpoint for evaluation.

Evaluation covers 56 objects: 24 seen objects used in
fine-tuning, 17 unseen objects from seen classes, and 15
unseen objects from novel classes. All unseen objects are
teleoperation-verified as graspable. Each target receives at
most three grasp attempts; trials fail if the bin moves more
than one inch, a non-target object moves more than 0.5
inches, or the task-specific geometric constraint is violated.

3. Results and Analysis
Figure 1 summarizes the main results. The policy succeeds
in easy familiar-object settings, reaching 97.4% one-object
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Figure 1. Task success rates across object generalization regimes. ”Bin” = ”Place each object in the plastic bin”, ”Next to” = ”Place [object
1] next to [object 2]”, ”Between” = ”Place [object 1] between [object 2] and [object 3]”, ”Move” = ”Move [object 1] [direction]”.

Next to Between Move [direction]
Failure type S U / S U / U S U / S U / U S U / S U / U

placed on top of object(s) 14 6 3 19 11 2 9 7 4
semantic error 6 11 13 3 10 17 3 3 5
imprecise grasp 8 7 7 10 8 9 8 5 7
not close enough 14 12 2 — — — 4 3 1
not centered enough — — — 18 7 5 — — —
moved object(s) 5 4 2 2 6 1 4 3 —
bad grasp strategy 1 1 4 2 4 6 2 2 4
other 2 1 5 3 3 2 1 1 8
not close — — 1 10 10 2 — — —
too close to referent — — — 5 — 1 — — —
moved past boundary — — — — — — 1 — 1

Total failures 50 42 37 72 59 45 32 24 30

Table 1. Failure frequencies for the three spatial instruction-
following tasks. ”S” indicates ”Seen” while ”U” indicates ”Un-
seen” (e.g ”U/S” means unseen object, seen class).

bin-placement success on seen objects and 92.5% on un-
seen objects from seen classes. Fully unseen objects fall to
57.5%, showing that object novelty remains a major bottle-
neck even for simple grasping.

Clutter and spatial precision widen this gap. Four-object
bin placement drops from 78.5% on seen objects to 48.4%
on unseen/seen-class objects and 6.5% on unseen/unseen-
class objects. Spatial tasks are harder still: next-to place-
ment reaches 55.0%, 46.3%, and 25.0%; between place-
ment reaches 43.9%, 36.4%, and 6.3%; and directional
movement reaches 56.9%, 51.1%, and 33.3% across the
three regimes. Directional movement outperforming be-
tween placement suggests that the policy often selects the
right coarse action but struggles with centering, orientation,
and object-extent reasoning.

Table 1 shows that familiar-object failures are mostly
geometric or physical: placing targets on referents, miss-
ing distance or centering constraints, imprecise grasps, and
unintended object motion. Under full object novelty, se-
mantic errors and bad grasp strategies increase, but many

Figure 2. Real image from the dataset (left) and an image from our
work-in-progress Isaac Lab environment (right).

failures still reflect poor closed-loop visuospatial control,
occlusion handling, object reorientation, and recovery after
partial failure.

4. Discussion
SO-101 Bench is small in hardware footprint but diag-
nostic in structure, combining language grounding, dis-
tractors, clutter, relational constraints, and explicit object-
generalization splits. The results show that current VLAs
can appear semantically competent while failing at the ge-
ometric and physical details needed for reliable manipula-
tion.

The benchmark is the first stage of a larger real-to-
sim evaluation pipeline. Figure 2 shows the current real-
sim comparison between a dataset image and our work-
in-progress Isaac Lab reconstruction, which is the central
product of the broader project. Using Gaussian-splat-based
reconstruction and scanned object assets, we aim to evalu-
ate the same policy in Isaac Lab, measure real-to-sim cor-
respondence, and scale SO-101 Bench to larger object sets
[3, 7]. The failure modes in Table 1 motivate this direc-
tion directly: future VLAs need stronger memory under
occlusion, precise perception, visuospatial planning, tactile
grounding, and robust recovery behaviors.
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