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Abstract. Reinforcement learning (RL) has become indispensable for
pushing Vision-Language-Action Models (VLA) beyond static imitation
learning. However, existing RL methods typically necessitate external
environmental feedback, relying on predefined success signals to guide
policy updates. In this work, we demonstrate that VLA models possess
strong internal evaluative capabilities: in discrete-action VLAs, trajecto-
ries with higher generation confidence are significantly more likely to suc-
ceed. Based on the observation, we introduce T*VLA (Test-time VLA),
an architecture-agnostic test-time RL framework that enables VLA mod-
els to achieve self-bootstrapping policy improvement. Instead of relying
on external rewards, T2?VLA leverages the trajectory-level similarity
to high-confidence expert demonstrations as an intrinsic reward signal.
In addition, we propose a Confidence-Driven Dual Expert Bootstrapping
mechanism. By dynamically balancing a Local Pseudo-Expert for aggres-
sive exploration and a Global Expert Pool for training stability, T*VLA
prevents policy collapse while discovering further breakthroughs. Exten-
sive experiments on the LIBERO and RoboTwin benchmarks show that
T2VLA consistently outperforms supervised baselines and approaches
oracle RL performance with ground-truth rewards, achieving effective
improvement without external reward feedback. Furthermore, T*VLA
can adapt to distinct VLA paradigms, including both OpenVLA-OFT
and the 7 series.

Keywords: Vision-Language-Action Model - Test-Time Reinforcement
Learning - Intrinsic Reward

1 Introduction

Driven by the rapid evolution of Vision-Language Models [10,17,[24,32] (VLMs),
Vision-Language-Action (VLA) models [3}[19L/48] have emerged as a transfor-
mative paradigm in embodied AI. Recently, Reinforcement Learning [1320,27]
(RL) has become a research hotspot for VLA, as it effectively addresses the
prohibitive data collection costs and inherent generalization bottlenecks associ-
ated with traditional Supervised Fine-Tuning [4,/28,139,|46] (SF'T). Despite their
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Fig. 1: Comparison of VLA Reinforcement Learning Paradigms. (a) Conven-
tional VLA RL relies on explicitly supervised RL, where policy updates are driven
by external reward signals from simulators, human annotators, or external LLMs. (b)
T?VLA (Ours) introduces a self-bootstrapping RL approach. By leveraging a model-
internal signal, T?VLA derives rewards to drive continuous policy adaptation without
external reward supervision.

remarkable success in various embodied tasks, existing RL approaches heavily
rely on external supervision signals (e.g., environment-provided success flags),
confining their efficacy to predefined scenarios.

To break free from these predefined scenarios and unlock true autonomous
self-improvement, it is crucial to empower VLA models to learn directly from
their own unannotated trajectories. This transition towards the “Era of Expe-
rience” [35] has recently been successfully validated in VLMs through test-time
Reinforcement Learning [49] in mathematics and coding tasks, which enables
models to self-optimize using purely unlabeled trajectories through majority
voting. However, translating this success to VLA models exposes a critical gap:
unlike math problems that yield a singular, discrete answer for easy verification,
robotic manipulation requires generating continuous trajectories where multi-
ple divergent action sequences can lead to the same goal, thereby eliminating a
straightforward ground truth for self-reflection.

To bridge this gap, inspired by entropy-based confidence estimation in Large
Language Models |11[31[36], we carefully investigate whether VLA models pos-
sess internal evaluative capabilities that can substitute for external verification.
Our empirical analysis on discrete-action VLAs (Figure [3)) reveals a strong pos-
itive correlation between internal generation confidence and task success rates
(i.e., trajectories with higher confidence are more likely to succeed). This obser-
vation indicates that, for token-based VLA policies, the length-normalized mean
log-probability of generated trajectories can serve as a useful indicator of phys-
ical success, thereby enabling policy optimization without relying on external
environmental rewards.

Building upon this empirical insight, we introduce T*VLA (Test-time VLA),
an architecture-agnostic framework for self-bootstrapping policy optimization, as
illustrated in Figure[l} To eliminate reliance on extrinsic environmental rewards,
we first propose a Confidence-Driven Dual Expert Bootstrapping mech-
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anism, enabling the autonomous extraction of high-quality demonstrations di-
rectly from the model’s own rollouts. Leveraging generative confidence, we elect
a task-conditioned Local Pseudo-FEzpert to serve as an immediate optimization
anchor, steering the policy toward the most promising behaviors discovered in
the current iteration. Concurrently, we maintain a priority-based Global Expert
Pool containing the top-K historical trajectories, which provides a stable be-
havioral baseline to prevent policy regression. Subsequently, we formulate a self-
bootstrapping proxy reward based on behavioral alignment with these discovered
experts. We employ Dynamic Time Warping (DTW) [33] to evaluate sequence
similarity across continuous robotic actions with varying execution horizons. The
final trajectory reward is computed via an adaptive weighting strategy that dy-
namically interpolates between local and global DTW similarities based on their
relative confidence scores. Finally, the VLA policy is updated via Group Rela-
tive Policy Optimization (GRPO) |34], leveraging the group-normalized proxy
rewards to drive continuous, self-guided learning.

Extensive experiments on multiple benchmarks including LIBERO [23| and
RoboTwin 2.0 |9] demonstrate that T2?VLA can serve as an architecture-agnostic
framework that yields substantial gains on various embodied tasks without re-
lying on external rewards. Besides, T?VLA is compatible with various VLA
models such as OpenVLA-OFT [18,20] and 7 |3].

Our main contributions can be summarized as follows:

1. We propose T?2VLA, a self-bootstrapping test-time reinforcement learning
framework that eliminates the requirement for external supervision signals.
By leveraging the intrinsic correlation between VLA generation confidence
and physical execution success, our approach enables self-bootstrapping pol-
icy optimization without environmental reward signals.

2. We introduce a confidence-driven dual-expert mechanism that synergizes a
Local Pseudo-Expert for aggressive exploration with a Global Expert Pool
for long-term stability. Coupled with a DTW-based adaptive reward, this
provides a reliable soft anchor that prevents error compounding during un-
supervised policy updates.

3. We demonstrate the architecture-agnostic efficacy of T?VLA across diverse
benchmarks. Relying solely on internal signals, our method achieves over a
20% absolute gain on continuous-action and bimanual tasks, and elevates
the average success rate of discrete-action models to 97.2%.

2 Related Work

2.1 Vision-Language-Action Models

Vision-Language-Action (VLA) models unify perception, reasoning, and con-
trol by directly mapping multimodal visual observations and natural language
instructions to physical actions [4,|48]. Current VLAs broadly follow two archi-
tectural paradigms based on their action representations. The first paradigm,
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Discrete-Action VLAs (e.g., RT-1 [4], RT-2 [48], and OpenVLA [19]), lever-
ages pre-trained vision-language models (VLMs) to formulate robotic control as
an autoregressive token generation problem. The second paradigm, Continuous-
Action VLAs (e.g., Octo [39], RDT [26], o 3], 70.5 |16], and GROOT [2]), syn-
thesizes continuous control trajectories conditioned on multimodal embeddings
via diffusion models or flow matching techniques. The standard training recipe
for both classes of models is grounded in large-scale Supervised Fine-Tuning
(SFT) or behavioral cloning |28].

2.2 Reinforcement Learning for Robotic Manipulation

Reinforcement Learning (RL) has been widely adopted to further optimize VLA
policies beyond standard SFT. Offline RL-VLA approaches (e.g., GeRM [37],
Q-Transformer [6], ReinboT [44], CO-RFT |[15]) extract policies strictly from
static datasets using pre-annotated rewards. To enable active environmental in-
teraction, Online RL-VLA frameworks optimize policies via closed-loop feed-
back, extensively exploring policy gradient algorithms across diverse architec-
tures (e.g., ThinkAct [14], RIPT-VLA [38|, GRAPE [45|, #RL [8|, SimpleVLA-
RL [20]). In these online methods, reward acquisition is primarily based on
explicitly designed external supervision, such as sparse binary feedback from
predefined simulators [8,/20] or dense proxy rewards engineered via auxiliary
models [43]. Instead of requiring external reward signals, our proposed T2VLA
framework achieves self-bootstrapped RL by relying entirely on intrinsic rewards.

2.3 Test-Time Learning and Adaptation

Test-time optimization strategies for robotic manipulation broadly fall into two
paradigms: learning and adaptation. Test-Time Learning [7,140,|42] dynami-
cally updates model representations or weights during inference. For example,
VLS [25] and ADPro [21] optimize inference-time sampling via VLM-derived
gradients and geometric constraints, while EVOLVE-VLA [1] continuously up-
dates policy weights using learned progress estimators. Conversely, Test-Time
Adaptation employs training-free mechanisms to guide pre-trained policies,
typically through action re-ranking via external verifiers (e.g., V-GPS [29]|, VLA-
Pilot [22]), MCTS-based planning (e.g., VLA-Reasoner [12], VLAPS [30]), or
heuristic action filtering (e.g., TACO [41]). While these pipelines predominantly
depend on auxiliary external evaluators, our T?VLA framework performs test-
time RL using intrinsic rewards derived from model-internal signals.

3 Method

In this section, we present T?VLA, a self-bootstrapping test-time RL frame-
work for Vision-Language-Action (VLA) models (Figure [2). Following the prob-
lem formulation and our empirical motivation (Section [3.1)), we introduce a
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Fig.2: Overview of the T?VLA Framework. Our pipeline autonomously mines
behavioral anchors by identifying a Local Pseudo-Expert from exploratory roll-
outs and maintaining a Global Expert Pool. These references are integrated via a
DTW-based Hybrid Similarity Reward to compute advantages, enabling contin-
uous policy optimization without external reward signals.

confidence-driven dual-expert mechanism to autonomously mine behavioral an-
chors directly from exploratory rollouts (Section [3.2). These anchors are sub-
sequently translated into intrinsic signals via a DTW-based hybrid similarity
reward (Section to drive continuous policy optimization (Section .

3.1 Preliminaries

Problem Formulation. Given an embodied task, the robotic manipulation pro-
cess can be formulated as a Markov Decision Process (MDP). At each timestep
t, the VLA model observes a state s; = (o0, (), comprising a visual observation o;
and a language instruction /, and generates an action a; according to a parame-
terized policy g (a¢|s¢). For discrete-action VLAs, the model outputs logits over
discretized action tokens that are decoded into executable actions; for flow-based
VLAs, actions are generated through iterative continuous refinement.

In standard reinforcement learning for VL As, the model interacts with the
environment to collect a rollout trajectory 7 = (s1,a1,...,sr,ar) of length T
Policy optimization proceeds by sampling a batch of rollouts {r;}}¥ ,, assigning
each trajectory a scalar reward r;, estimating advantages, and updating 0 via
a policy-gradient objective. The standard formulation maximizes the expected
external return:

mOaX IE'r~7r9 [Renv(T)] s (]‘)

where R, (7) denotes the external environment reward. Consequently, exist-
ing RL-based VLA optimization methods inherently rely on explicit external
verification signals to guide policy updates.

Empirical Motivation and Reformulation. To eliminate the reliance
on external environmental reward Ren, (7), we investigate whether VLA models
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Fig. 3: Correlation between VLA generation confidence and task success
rate. Analysis of 2,000 OpenVLA-OFT rollouts on LIBERO suites reveals that higher
mean log-probabilities consistently correlate with execution success, validating internal
confidence as a reliable foundation for autonomous self-bootstrapping.

can inherently evaluate their physical execution. As shown in Figure |3 empir-
ical analysis of discrete-action VLAs reveals a strong positive correlation be-
tween trajectory-level generation confidence (defined as the mean action log-
probability) and execution success. Trajectories assigned higher likelihood by
the model consistently achieve higher task success rates. This observation in-
dicates that the model’s intrinsic confidence provides a robust signal regarding
behavioral quality, suggesting its potential as a foundation for self-bootstrapping.

In light of this observation, we propose T2VLA, which optimizes the VLA
policy as a self-bootstrapping reinforcement learning process during test
time. Instead of relying on external environment rewards, we replace the return
with an intrinsic reward Rgsq(7) computed solely from signals produced by the
model itself. Consequently, the optimization objective transitions to:

max Brr, [Rserr(7)] (2)

This paradigm shift introduces a primary challenge: how to formulate an
effective trajectory-level intrinsic reward Rger(7) without external verification
signals. While empirical evidence links confidence with task success, adopting
the raw generation confidence directly as a standalone reward scalar proves in-
adequate for stable policy optimization. This prompts a critical question: could
these high-confidence trajectories themselves serve as reliable anchors to provide
effective guidance signals? To answer this, we decouple the overall challenge into
two fundamental sub-problems: (i) How to reliably extract and maintain high-
quality reference trajectories from exploratory rollouts. (i) How to formulate a
robust trajectory reward design based on these established references.
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3.2 Confidence-Driven Dual Expert Bootstrapping

To extract high-quality reference trajectories without external verification, we
propose a Confidence-Driven Dual Expert Bootstrapping mechanism.
This module is designed to autonomously mine and maintain behavioral an-
chors from the model’s exploratory rollouts by leveraging internal confidence
signals. Specifically, it consists of two primary components: the election of a
task-conditioned Local Pseudo-Ezpert from the current batch, and the mainte-
nance of a dynamic Global Ezpert Pool to preserve historical best practices.

Length-Normalized Confidence Estimation. During exploration, the
active policy mp generates a batch of N trajectories D = {r,...,7n}. For
discrete-action VLAs, directly summing action log-probabilities inherently penal-
izes long-horizon trajectories and may favor degenerate, short-horizon behaviors.
We therefore compute a length-normalized confidence score. For a trajectory 7;
with an effective execution horizon T;, determined by environment termination
and strictly excluding padding tokens, its confidence score is defined as the mean
action log-probability:

T.

) 1 <
o™ = f} :IOg mo (@i | Sit)- (3)

=1

This normalization enables confidence scores to be compared across trajectories
with different execution horizons.

For continuous flow-based VLAs, confidence is estimated from the Gaussian
likelihood of transitions along the denoising process. Let L; denote the effective
rollout length, measured by the number of valid action-chunk predictions before
environment termination. At each prediction step j, we compute

oo = "log N (Ifﬁ,d;ue(xf,ja k, $i5)h.d, 00 (2} ;, K, Sz',j)h,d> ; (4)
h,d
where 2% . is the intermediate denoising state at the selected denoising step k,

while % and d index the action-chunk horizon and action dimension, respectively.
The trajectory-level confidence is then computed as

1
= LS ©
3 j:1

This likelihood characterizes denoising consistency and provides an effective
ranking signal for pseudo-expert election. The elected trajectories subsequently
serve as behavioral references for computing intrinsic rewards.

For simplicity, we use ¢; to denote the corresponding trajectory-level confi-
dence score, either c{is¢ or C?OW, in the following expert election process.

Task-Conditioned Local Expert Election. Since generative confidence
strongly correlates with execution success (Section , the confidence score ¢;
provides a reliable basis for identifying trajectories that are more likely to achieve
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the task. By leveraging c¢; to anchor the most confident executions from the
exploratory rollouts, we can extract behavioral references to drive iterative policy
improvement. To steer suboptimal exploratory behaviors toward these successful
modes, we formally designate the most confident trajectory as a pseudo-expert.
However, during the RL training loop, a sampled batch typically encompasses
trajectories across diverse environments and manipulation tasks. To ensure a
fair and task-specific evaluation, we first group the trajectories based on their
corresponding language instruction [. Within each task-specific subset D; C D,
the Local Pseudo-Fxpert is explicitly elected as:

Tlocal,l = aT'g max ¢ (6)
Thus, this local expert encapsulates the most reliable behavioral mode discovered
for the specific task during the current iteration, serving as a dynamic, on-policy
target for immediate alignment.

Dynamic Global Expert Pool. Relying exclusively on the local batch
expert can occasionally introduce optimization instability, particularly if an ex-
ploratory batch happens to yield overall suboptimal rollouts. To maintain train-
ing stability and preserve previously discovered high-quality behaviors, we con-
currently maintain a task-conditioned dynamic Global FExpert Pool, denoted as
P;. To ensure the high quality of this historical knowledge base, we restrict the
pool’s entry strictly to the elected local batch experts 77, ., filtering out the
remaining suboptimal exploratory trajectories.

At each training iteration, the newly elected local expert Tlocal, 18 Integrated
into P;. The pool acts as a priority-based memory buffer, retaining only the
top-K historical experts (with capacity K = 5 in our implementation) sorted by
their confidence scores c:

P, + Top-K (Pl U {Tl’zml’l}) based on ¢ (7)

By bounding the capacity, this mechanism evicts stale behaviors from outdated
policy, ensuring the pool remains aligned with the evolving policy distribution.

3.3 DTW-Based Hybrid Similarity Reward

To address the second sub-problem of rewarding exploratory rollouts, we design
a DTW-based Hybrid Similarity Reward. This mechanism is designed to
translate expert guidance into informative signals by aligning trajectories and
balancing expertise sources. Specifically, it is composed of a DTW-based trajec-
tory alignment to handle temporal variations, and an adaptive weighting scheme
to balance current batch consensus with historical best practices.

Trajectory Alignment via DTW. The stochastic generative nature of
VLAs frequently yields action sequences with varying temporal horizons. Stan-
dard Euclidean distance enforces strict one-to-one temporal synchronization,
causing massive distance penalties under minor temporal shifts even when spa-
tial paths are identical. As visualized in Figure [5] such rigid point-wise matching
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fails to capture true structural similarity. To decouple spatial geometry from
temporal progression, we employ Dynamic Time Warping (DTW) [33|. By non-
linearly warping the time axis to enable many-to-one state mappings, DTW
aligns trajectories based on their spatial morphology rather than strict temporal
indices, providing a robust similarity measure for heterogeneous rollouts.

Let 74 = (@a1,-..,a4,m) and 73 = (ap,1,...,ap,r) denote two action se-
quences of continuous end-effector poses a € R%. To prevent dimensions with
large physical magnitudes from dominating the metric, all action dimensions
are independently min-max normalized to [0,1]. We construct a cost matrix
D € RM*T yia dynamic programming:

dij = |laa; —ap ll2 +min(d;—y j,di j—1,di—15-1) (8)

The cumulative distance Dprw (74, T) = da,r is then normalized by the maxi-
mum temporal length to ensure length-invariance and yield a bounded similarity
score in (0, 1]:

1

1+ D&Tav:((]\f/ft,TT)B)

Dynamic Hybrid Reward Design. To adaptively determine the trust
placed in the local batch expert, we compute the alignment of each exploratory
trajectory 7; (corresponding to task l) against both its task-specific local expert
7/ wars and the global pool P;. The dynamic hybrid similarity reward r$™ in-
corpdrates the maximum similarity score among all historical experts 7, € P;:

(9)

Simptw (74, 7B) =

g™ = w - Smprw (i, Toearg) + (1 —w) - max Simprw(7i,75)  (10)
P 1
The interpolation weight w € [0, 1] balances current batch consensus and his-

torical best practices by normalizing the local expert’s confidence score Clocal It

cj, — Cmin
w = clip < local,! L, 1) (11)

Cmax,l — Cmin,l + €

where Cpaz,1 and ¢pipn, represent the maximum and minimum confidence scores
currently maintained within the task-specific pool P;, and € ensures numerical
stability. This relative measure ensures that highly confident local experts (w —
1) prioritize immediate on-policy discoveries, while uncertain batches (w — 0)
smoothly fall back to historical experts to prevent policy degradation. A detailed
analysis validating the necessity of this continuous Min-Max scaling over rigid
or hard-gating alternatives is provided in Sec. [£.4]

KL Penalty. To prevent over-optimization and maintain the valid behavioral
distribution learned during pretraining, we incorporate a Kullback-Leibler (KL)
divergence penalty. The final proxy reward r; for trajectory 7; is:

T;

ri =i =B Dy (mo(-lsi)l|mer(-[sie)) (12)

t=1

where the initial SF'T model 7.¢ acts as a behavioral anchor, and S controls the
penalty strength.
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3.4 Policy Optimization via GRPO

Given the proxy rewards {ry,...,rn} for the N sampled trajectories, GRPO
computes a baseline-free advantage A; via group normalization:

_ i p(r)

i o(r)+e (13)

where p(r) and o(r) denote the batch mean and standard deviation. The policy
is then updated by maximizing the clipped surrogate objective:

N T
1 ~ . .
L(0) = ~ Z Z min (p; +(0)A;, clip(pi1(0), 1 — €ctip, 1 + €ctip) Ai) (14)
i=1 t=1
o (@i, t|Sit)
Tola(@i,t]8i,t)
maximizing £(6), the policy 7y is continuously aligned with the extracted expert

guidance, completing the self-bootstrapping loop.

where p; +(0) = and €, bounds the policy update. By iteratively

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate our framework on two robotic manipulation bench-
marks: (1) LIBERO [23]: We evaluate the policy’s robustness and long-horizon
planning capacity across four diverse task suites (Spatial, Object, Goal, and
Long). (2) RoboTwin 2.0 [9]: We assess bimanual coordination across five tasks
with varying execution horizons (100-650 steps).

Baseline Models. To demonstrate the architecture-agnostic applicability
of T2VLA, we instantiate our framework across two generative paradigms: (1)
Discrete-Action VLAs: We adopt OpenVLA-OFT |[18]. We use the modified
architecture and SFT weights provided by SimpleVLA-RL |20|, which optimizes
the decoding head for RL compatibility. (2) Continuous-Action VLAs: We
evaluate flow-matching policies 7y [3] and 7o 5 |16] by adopting 7ry’s [8] SFT
weights and MDP to compute confidence from denoising log-likelihoods.

Implementation Details. We optimize T*VLA using GRPO [34] with
AdamW (peak LR 5 x 1075; cosine schedule for OpenVLA-OFT, constant for
mo/mo.5). We sample N = 8 trajectories per instruction at temperature 1.6
(OpenVLA-OFT) or 1.0 (mo/mo.5). Policy updates apply a universal initial KL
penalty 8 = 0.02. The PPO clip ratio is [0.2,0.28] for OpenVLA-OFT, and 0.2
for mo/mo.5 (with gradient clipping at 2.0 and 1.0, respectively). Execution hori-
zons are capped at 500 steps (OpenVLA-OFT) and 480 steps (7o /0.5, max 1024
tokens), with 7y 5 using 4 denoising steps.

4.2 Main Results

In this section, we present the main evaluation results on the LIBERO and
RoboTwin benchmarks. To verify the effectiveness of our method, we compare
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Table 1: Main Results on the LIBERO Benchmark. Success rates (%) are
reported. A indicates the absolute improvement over the baseline.

Method Reward Spatial Object Goal Long Avg.
Reference: Prior SFT, RL, € Test-Time Training Baselines
Octo [39] None (SFT) 78.9 84.6 857 51.1 75.1
OpenVLA [19] None (SFT) 84.7 79.2 88.4 53.7 76.5
UniVLA [5] None (SFT) 96.5 96.8 95.6 92.0 95.2
VLA-RL |27] Env. Success 90.2 94.3 91.8 822 896
SimpleVLA-RL |20] Env. Success 99.4 99.1 99.2 985 99.1
EVOLVE-VLA |1 Learned Critic 95.4 974 95.8 944 95.8

Our Framework (Self-Rewarding)

OpenVLA-OFT |[18)120] None (SFT) 91.6 95.3 90.6 86.5 91.0
Ours (OpenVLA-OFT) Self-Reward 97.7 99.6 96.1 95.3 97.2
Improvement (A) +6.1  +4.8 +55 +88 +6.2

o (Base) [3/8] None (SFT) 65.3 64.4 498 51.2 57.7
Ours (7o) Self-Reward 86.3 91.0 82.0 68.0 81.9

Improvement (A) +21.0 +26.6 +82.2 +16.8 +24.2
0.5 (Base) [8][16] None (SFT)  84.6 954 846 439 77.1
Ours (7o.5) Self-Reward 94.9 98.4 91.8 55.1 85.1

Improvement (A) +10.83 +3.0 +7.2 +11.2 +8.0

T2VLA against a diverse spectrum of baselines, including prior SFT methods
(i.e., UniVLA [5]), explicitly supervised RL methods (i.e., VLA-RL [27] and
SimpleVLA-RL [20]), and test-time training (TTT) approaches (i.e., EVOLVE-
VLA [1]). Further, to demonstrate the advantage of our self-bootstrapping mech-
anism, we directly compare the performance of our method against its respective
base policies under standard data regimes: OpenVLA-OFT is fine-tuned with
full demonstrations (Traj-all), while both 7y and mg 5 utilize few-shot initializa-
tion. Table [I] details our absolute performance gains on LIBERO, categorized
by reliance on external rewards. Additionally, Table [2| reports the framework’s
effectiveness in bimanual control scenarios across varying execution horizons.

Results on the LIBERO Benchmark. Table[lldemonstrates that T2°VLA
(based on OpenVLA-OFT) delivers consistent gains across all four task suites,
improving upon the OpenVLA-OFT baseline by +6.2% on average and outper-
forming the state-of-the-art SF'T model, UniVLA [5] (97.2% vs. 95.2%). Notably,
despite operating entirely without external reward models or environmental su-
pervision, T2VLA surpasses the concurrent EVOLVE-VLA [1] (95.8%), which
relies on a separate foundation critic. Moreover, it substantially reduces the per-
formance gap to the oracle-guided SimpleVLA-RL [20] (99.1%), which has access
to true environmental feedback. These results further demonstrate that intrinsic
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Table 2: Results on RoboTwin 2.0. Success rates (%) using OpenVLA-OFT. Tasks
are categorized by execution horizon length.

Task Category & Name SFT Baseline Ours Improvement (A)
Short Horizon (100-130 Steps)

Lift Pot 10.1 39.8 +29.7

Beat Hammer 28.1 68.0 +39.9
Medium Horizon (150-230 Steps)

Place Empty Cup 77.3 84.8 +7.5

Long & Extra Long Horizon (280-650 Steps)

Handover Block 33.1 44.1 +11.0

Stack Bowls 40.6 59.0 +18.4
Average 37.8 59.1 +21.3

generative log-probabilities can provide a reliable bootstrapping signal that can
boost the performance on different embodied tasks.

In addition, to verify the broad applicability of T2VLA, we extend our eval-
uation to continuous flow-matching models. As detailed in Table[I], our approach
yields a substantial 24.2% absolute improvement in the average success rate of
7o [31/8]. Additionally, it boosts the performance of mg 5 [8,/16] on the Goal suite
from 84.6% to 91.8%. These results confirm that T?VLA is an architecture-
agnostic approach that can be flexibly combined with various VLA models.

Results on the Bimanual Scenario (RoboTwin 2.0). To validate the
versatility of T2?VLA in adapting to different tasks, we further conduct exper-
iments on the RoboTwin 2.0 benchmark. As shown in Table [2, T?VLA consis-
tently outperforms the SF'T baseline across diverse execution horizons. Specifi-
cally, it achieves a remarkable performance leap on short-horizon tasks like Beat
Hammer (i.e., from 28.1% to 68.0%). For complex long-horizon tasks such as
Stack Bowls, it can also achieve an 18.4% absolute improvement. This demon-
strates that the DTW-based self-bootstrapping mechanism scales effectively to
high-dimensional control scenarios without environment-provided rewards.

4.3 Ablation Studies

To investigate the impact of our core designs, we conduct ablation studies on
the LIBERO-Long benchmark using OpenVLA-OFT |[1820].

Effectiveness of Dual Expert Bootstrapping. We first investigate the
role of the proposed dual-expert bootstrapping mechanism. As detailed in Ta-
ble B relying exclusively on the local expert captures recent high-confidence
behaviors (94.5%) but remains vulnerable to occasional suboptimal generations
within a single batch. Conversely, utilizing only the global pool provides sta-
ble historical references (93.0%) but slows down continuous adaptation, as the
optimization tends to rely heavily on older trajectories. Integrating both mod-
ules effectively balances these aspects, achieving the highest success rate (95.3%).
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3 9% 95.3%
Table 3: Dual Expert Ablation. Suc- :; 94 93.4% o1 4
cess rates (%) on LIBERO-Long. The @& % ==
dual-expert design achieves the best per- 2 Zg 6.5
formance. % 861 L
Method SR (%) Base model K=3 K=5(Ours) K=10
Local Expert Only 94.5

Fig. 4: Impact of Expert Pool Capac-
ity (K). Evaluated on LIBERO-Long,
where K = 5 yields the best performance.

Global Expert Only 93.0
Dual Expert (Ours) 95.3

Overall, these results indicate that the local and global experts are highly comple-
mentary: the former steers the policy toward newly discovered successful modes,
while the latter serves as a stabilizing anchor to prevent policy degradation when
current rollouts are poor. Their synergy yields a balanced, progressive reward
signal that drives consistent performance improvements.

Impact of Expert Pool Capacity. We further analyze the sensitivity to
the global expert pool capacity (K). As illustrated in Figure 4] all evaluated pool
capacities consistently exceed the performance of the Base model (86.5%), val-
idating the general effectiveness of our self-bootstrapping framework. Notably,
performance peaks at a moderate capacity (K = 5, 95.3%), suggesting a trade-
off between reference diversity and quality control. A restricted pool (K = 3,
93.4%) offers insufficient coverage of diverse successful behavioral modes, po-
tentially limiting the richness of the supervision signal. On the other hand, an
overly expansive pool (K = 10, 91.4%) retains stale trajectories from earlier,
less-proficient training stages. The persistence of these outdated references can
introduce suboptimal anchors into the reward calculation, which dilute the qual-
ity of the guidance signal and impede learning progress. Thus, K = 5 provides
an effective balance, maintaining sufficient historical diversity while ensuring the
pool remains aligned with high-quality behavioral standards.

4.4 Insight Analysis

Why Dynamic Time Warping (DTW) for Trajectory Similarity? We
empirically justify selecting DTW over Euclidean distance for trajectory align-
ment. In continuous control, successful rollouts frequently exhibit temporal het-
erogeneities, such as pacing variations or phase shifts, compared to the reference
expert. As visualized in Figure [5] projecting in-situ 3D trajectories onto their
principal action axis reveals that Euclidean distance enforces rigid point-wise
alignments. This causes residual errors to explode under minor temporal shifts,
yielding an artificially depressed similarity score (0.6914). Conversely, DTW
computes an optimal non-linear sequence alignment. By mapping corresponding
geometric configurations across flexible time intervals, DTW neutralizes tempo-
ral misalignments and recovers a robust spatial congruence score (0.9460). This
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Table 4: Comparison of Advantage Shaping Strategies. Evaluated on LIBERO-
Long. ' indicates severe policy collapse at early stages (< 100 epochs).

Expert Fusion Strategy SR (%) Expert Fusion Strategy SR (%)

Static Weighting (w = 0.5) 88.37 Asymmetric Z-Score Gate 91.4
Max Routing 87.51 Sigmoid Gate 92.6
Adaptive Margin Fallback (AMF) 90.0 Min-Max Normalization (Ours) 95.3
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Fig.5: Trajectory alignment comparison. In-situ training trajectories projected
onto the principal action axis. (a) Rigid Euclidean matching yields high residual errors
under temporal shifts. (b) DTW dynamically warps the time axis to map structurally
similar states, recovering a robust spatial similarity measure.

geometric-aware matching prevents high-quality exploratory rollouts from being
assigned spuriously low rewards.

The Necessity of Smooth Expert Fusion. Dynamically balancing the
fusion weight (w € [0, 1]) between the local batch and the global pool is essential
for training stability. Table 4| demonstrates that rigid assignments (w = 0.5) or
hard switching mechanisms (Max Routing) cause early policy collapse (< 100
epochs) due to abrupt gradient shifts. While hard-gating approaches like Adap-
tive Margin Fallback (AMF) prevent this collapse, they lack fine-grained adapta-
tion. Soft-gating strategies, such as the Temperature-scaled Sigmoid gate, offer
smoother adjustments and successfully stabilize learning (92.6%). Ultimately,
our proposed Min-Max Confidence Scaling yields the best performance (95.3%)
by mapping non-stationary log-probabilities into a strictly bounded, continuous
scale which ensures an adaptive and smooth integration of both experts.

Analysis of the Bootstrapping Threshold (1-Shot Data Scarcity).
To investigate the boundary conditions of the self-bootstrapping framework and
stress-test its capability to bootstrap from minimal supervision, we evaluate
OpenVLA-OFT under an extreme 1-shot data scarcity setting across all LIBERO
suites. As shown in Table[5] our method effectively improves the 1-shot SFT base-
line on the Spatial, Object, and Goal suites, yielding approximately 20% absolute
gains. However, performance degrades on the Long-horizon suite (from 17.3% to
11.0%). This indicates a critical “prior threshold” for autonomous bootstrap-
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Table 5: Applicability under Challenging Settings. Success rates (%) under
limited demonstrations and world-model-generated interactions. The degradation on
the Long suite highlights the minimum prior required for successful self-bootstrapping.

Task Base Ours A
1-Shot SF'T

LIBERO-Spatial 63.6 84.0 +20.4
LIBERO-Object 54.9 74.6 +19.7
LIBERO-Goal 59.6 83.6 +24.0
LIBERO-Long 17.3 11.0 -6.3

World-Model Rollouts
OpenSora-Spatial 61.2 63.3 +2.1

ping: for complex tasks, an excessively weak initialization causes exploratory
rollouts to deviate irrecoverably from the expert demonstration. Consequently,
the similarity reward degenerates into uninformative noise, and without mean-
ingful gradient guidance, the policy optimization collapses into random drift.

Applicability to World-Model-Generated Interactions. To evaluate
the applicability of T?VLA beyond direct interaction with standard simula-
tors, we conduct policy optimization using action-conditioned observations syn-
thesized by an OpenSora world model [47]. The resulting OpenVLA-OFT policy
is evaluated in the original LIBERO-Spatial simulator. As shown in Table 5] our
method improves the success rate from 61.2% to 63.3%. This demonstrates that
T2VLA remains applicable when its exploratory interactions are generated by
a learned world model.

5 Conclusion

In this work, we explore the self-bootstrapping optimization of Vision-Language-

Action (VLA) models without relying on external rewards and propose T?VLA,

an architecture-agnostic framework for autonomous policy evolution. By au-

tonomously mining high-quality demonstrations through the proposed confidence-
driven dual expert bootstrapping mechanism and constructing a dynamic DTW-

based hybrid similarity reward, T2VLA enables VLA models to continuously

refine their execution using intrinsic signals. Our T>VLA establishes a scalable,

intrinsic-reward-driven paradigm, demonstrating that a model’s internal signals

can effectively bootstrap continuous and autonomous policy improvement.
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