Fine-tuning Robotic Foundation Model Using Dynamic Scene Generation

Sungyong Park*2, Sangmin Lee*!’, Dowon Kim'#, Heewon Kim!*
'Soongsil University, 2Kairoba
{€3jgqd1010, sm32289, a01066304767}@gmail.com, hwkim@ssu.ac.kr

Abstract

Continuous-state robotic manipulation requires an agent to
interpret language goals, estimate object states, and exe-
cute physically valid actions toward fine-grained targets.
However, training data for such tasks is sparse: collect-
ing demonstrations for every object, scene, and target state
is expensive, and synthetic data is useful only when it re-
mains executable. In this paper, we present the methods
developed for the ARNOLD Challenge [1] on continuous-
state robotic manipulation. PSASI improves continuous-
state supervision through state interpolation and phase-
specific control. FRFM further expands the training distri-
bution with physics-verified dynamic scene generation for
foundation-model fine-tuning. Experiments on ARNOLD
show that PSASI improves continuous-state manipulation,
while FRFM achieves stronger performance by fine-tuning
a foundation policy with DynScene-generated data.

1. Introduction

Robotic manipulation aims to enable agents to follow lan-
guage instructions and interact with objects in the environ-
ment. Prior benchmarks have largely focused on discrete
task completion [5-7, 9]. In contrast, ARNOLD [2] eval-
uates continuous-state manipulation, where agents reach
fine-grained target states specified by language. The main
challenge is the sparsity of continuous-state supervision.
Training demonstrations cover only limited objects, scenes,
and target states. During evaluation, agents are tested on
novel combinations outside the training distribution. This
gap is critical because small changes in the target state can
require different action magnitudes or control strategies.
To address these limitations, we propose two comple-
mentary methods for improving continuous-state robotic
manipulation through manipulation-aware data expansion.
First, we introduce PSASI (Phase-Specific Agent and State
Interpolation), which addresses the sparsity of continuous-

*Equal contribution
TNow at Qualcomm
#Now at LG Al Research

I ol
qq
position: Po \
rotation: 40

Instruction: I position: D5
Original data, Quaternion Interpolation rotation: g g
Instruction: [
position: P1 Augmented datag

rotation: g1

Instruction: [q
Original data;

Position Interpolation

I s ="close the cabinet to [s] percent closed”

Figure 1. State interpolation. Given sparse demonstrations, we
synthesize intermediate object states along the continuous goal di-
mension and pair them with updated goal-conditioned supervision.

state supervision. PSASI decomposes manipulation into
phase-specific control regimes and synthesizes intermedi-
ate state-conditioned samples between sparse demonstra-
tions. By separating heterogeneous action phases and den-
sifying supervision along the continuous goal dimension,
PSASI improves generalization to unseen target states. Sec-
ond, we introduce FRFM (Fine-tuning Robotic Foundation
Model using Dynamic Scene Generation), which extends
data expansion beyond state interpolation. FRFM fine-tunes
a vision-language-action foundation model with executable
manipulation data generated by DynScene [4].
Experiments on the ARNOLD dataset show that struc-
tured data expansion improves continuous-state manipula-
tion and that generated executable data becomes more ef-
fective when combined with a stronger foundation policy.

2. Proposed Methods

2.1. Phase-specific agent and state interpolation

We introduced PSASI (Phase-Specific Agent and State In-
terpolation) for continuous-state robotic manipulation. The
key observation was that a manipulation trajectory contains
multiple phases with distinct control characteristics. For ex-
ample, approaching an object, grasping it, and moving it to-
ward a desired continuous state require different visual cues



Table 1. Evaluation on the ARNOLD test set. We report success rates (%) for each task category and the overall average.

Policy P.OBJ R.OBJ O.DRAWER C.DRAWER O.CABINET C.CABINET P.WATER T.WATER OVERALL
PerAct 88.81 3.90 26.05 33.78 11.59 20.39 34.33 14.29 29.14
PerAct + PSASI  95.00  25.00 43.33 43.33 45.00 38.33 46.67 28.33 45.62
FRFM 85.00  85.00 50.00 90.00 35.00 55.00 75.00 65.00 57.00

Table 2. Ablation study of PSASI. We report success rates (%)
on the validation and test splits.

Table 3. Evaluation on the generalization splits. SI denotes
state-interpolation, and DS denotes DynScene-generated data.

PerAct!  PSA  PSASI
Setting Phase-Specific Agent (PSA) X v v
State Interpolation (SI) X X v
Validation set ~ Grasp 46.00 61.00 61.00
Manipulation 42.00 58.00 57.00
Grasp + Manipulation 34.00 45.00 45.00
Test set Grasp + Manipulation 22.00 28.00  31.00

and action distributions. A 3D voxel-based policy [8] can
mix heterogeneous action distributions across manipulation
phases, leading to ambiguous supervision. To address this
issue, we decompose the manipulation process into phase-
specific agents, allowing each policy to specialize in a more
focused control regime.

To further improve generalization over continuous tar-
get states, we introduce state interpolation, as illustrated in
Fig. 1. Given two sparse demonstrations with different tar-
get states, we obtain an intermediate state s and its corre-
sponding end-effector pose by interpolation: the position is
interpolated linearly, and the orientation is interpolated us-
ing spherical linear interpolation (SLERP). We then use the
interpolated pose to form a new goal-conditioned sample
and update the instruction accordingly.

2.2. Fine-tuning foundation models with Dynscene

State interpolation expands the sparse demonstration set
along the state dimension through interpolation. However,
it does not explicitly increase scene or object diversity. To
further broaden the training distribution, we propose FRFM
(Fine-tuning Robotic Foundation Model using Dynamic
Scene Generation), which combines state interpolation
with DynScene-generated executable data and fine-tunes
a vision-language-action foundation model, OpenVLA-
OFT [3]. DynScene generates text-conditioned dynamic
manipulation scenes, including diverse object-scene config-
urations and corresponding robot action sequences. More-
over, its residual action representation enables action aug-
mentation, generating diverse actions from the same scene.
By combining the original ARNOLD demonstrations with
DynScene-generated data, the policy observes broader vari-
ations in scenes, objects, and executable state transitions.
This provides richer supervision for foundation-model fine-

PerAct OpenVLA-OFT OpenVLA-OFT OpenVLA-OFT
SI X X v v
DS X X X v
Novel object  22.84 27.92 31.88 33.33
Novel scene  29.73 37.71 41.67 44.58
Novel state 4.49 26.88 36.46 40.21
Any state 16.36 33.33 45.63 44.17

tuning and improves generalization beyond the original
demonstration distribution.

3. Experiments

Table | summarizes the ARNOLD test-set results. Per-
Act [8] obtains 29.14% overall success, showing the diffi-
culty of continuous-state manipulation with a conventional
voxel-based policy. By incorporating phase-specific control
and state interpolation, PSASI improves the overall success
rate to 45.62%. FRFM achieves the strongest overall perfor-
mance, reaching 57.00% success. These results show that
dense continuous-state supervision improves conventional
manipulation policies, and diverse generated manipulation
data further benefits foundation-model fine-tuning.

Table 2 validates the design of PSASI. We separately
evaluate grasping, manipulation, and the full grasp-to-
manipulation pipeline to analyze how phase-specific train-
ing affects each stage. The phase-specific agent improves
the test-set success rate from 22.00% to 28.00% by sepa-
rating grasping and manipulation into more focused con-
trol regimes. With state interpolation, PSASI further im-
proves the success rate to 31.00%, indicating that interme-
diate state-conditioned samples help learning from sparse
continuous-state demonstrations.

Table 3 shows a similar trend in the generalization split.
OpenVLA-OFT [3] improves over PerAct across novel ob-
ject, novel scene, novel state, and any-state settings, indi-
cating the benefit of stronger model capacity. State inter-
polation mainly improves novel-state generalization, while
DynScene further improves novel-object, novel-scene, and
novel-state performance by expanding the data distribu-
tion beyond existing demonstrations. Overall, these results
show that continuous-state manipulation benefits from both
denser state supervision and broader scene-level variation.
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