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Abstract. Vision-Language-Action (VLA) models aim to unify per-
ception, language understanding, and action generation, offering strong
cross-task and cross-scene generalization with broad impact on embodied
AI. However, current VLA models often lack explicit step-by-step rea-
soning, instead emitting final actions without considering affordance con-
straints or geometric relations. Their post-training pipelines also rarely
reinforce reasoning quality, relying primarily on supervised fine-tuning
with weak reward design. To address these challenges, we present VLA-
R1, a reasoning-enhanced VLA that integrates Reinforcement Learning
from Verifiable Rewards (RLVR) with Group Relative Policy Optimiza-
tion (GRPO) to systematically optimize both reasoning and execution.
Specifically, we design an RLVR-based post-training strategy with ver-
ifiable rewards for region alignment, trajectory consistency, and output
formatting, thereby strengthening reasoning robustness and execution
accuracy. Moreover, we develop VLA-CoT-13K, a high-quality dataset
that provides chain-of-thought supervision explicitly aligned with affor-
dance and trajectory annotations. Furthermore, extensive evaluations on
in-domain, out-of-domain, simulation, and real-robot platforms demon-
strate that VLA-R1 achieves superior generalization and real-world per-
formance compared to prior VLA methods. We plan to release the model,
code, and dataset following the publication of this work.

Keywords: VLA models · Chain-of-Thought · RLVR

1 Introduction

Vision–Language–Action (VLA) models unify perception, language, and action.
They first learn open-vocabulary semantics and cross-modal alignment from
internet-scale image–text pretraining. These semantics are then grounded into
the action space through multi-task manipulation data. This enables analogical
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Pick up the yellow bowl. Place the bowl in the white empty basket.
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Fig. 1: VLA-R1: pipeline from instruction to execution, with benchmark
comparisons against baselines.

transfer to unseen objects and compositional generalization to novel commands.
Compared with modular pipelines [9,44] or state-driven policies [11], VLAs show
stronger cross-task and cross-scene generalization [18–20, 28, 36, 40, 43]. Repre-
sentative works include VoxPoser [15] for zero-shot trajectory planning, and
ManipLVM-R1 [36] and RoboBrain [19] for integrating affordance perception
and pose estimation. Meanwhile, Reinforcement Learning from Verifiable Re-
wards (RLVR) enhances reasoning and generalization in vision–language mod-
els. Vision-R1 [16] matches larger models through cold-start data and progressive
training; LMM-R1 [32] employs a two-stage regimen from textual reasoning to
multimodal tasks; and VLM-R1 [35] applies R1-style reinforcement to visual
grounding, boosting open-vocabulary detection.

However, existing VLA models present two significant challenges. First, they
often lack step-by-step reasoning: models tend to emit final actions directly
without explicit inference over affordance constraints, geometric relations, or
container selection. This limitation leads to instruction-disambiguation failures
under color similarity, duplicate instances, or multiple candidate receptacles. Sec-
ond, post-training rarely provides systematic reinforcement of reasoning. Current
method relies on supervised fine-tuning (SFT) with little reward optimization
targeted at reasoning quality and execution efficacy. Even when Reinforcement
Learning (RL) is used, reward design is typically single-objective and struggles
to jointly optimize region alignment and trajectory consistency, degrading per-
formance on out-of-distribution data and in the real world.

To address these challenges, we propose VLA-R1, a post-training-enhanced
VLA model capable of step-by-step reasoning. Unlike prior approaches, VLA-R1
simultaneously emphasizes data-level Chain-of-Thought (CoT) supervision and
optimization-level reward alignment, bridging the gap between reasoning and
execution. This enables the model to not only provide answers but also explain
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Table 1: Comparison of datasets on affordance, trajectory, reasoning, scenes,
and robots

Dataset #Aff #Traj #Reasoning #Scenes #Robot

UMD ✓ ✗ ✗ 3 –
VAIT ✗ ✓ ✗ – 13
VLA-IT ✗ ✓ ✓ 24+ 2
ShareRobot ✓ ✓ ✗ 102 12

VLA-CoT-13K ✓ ✓ ✓ 102 12

them, making it robust to challenges like color similarity, repeated instances,
and multiple receptacle choices during reasoning.

To further enhance the model’s reasoning capabilities, we introduce an RLVR-
based post-training strategy at the optimization layer. Specifically, we employ
Group Relative Policy Optimization (GRPO) [34] with three verifiable rewards:
an affordance reward based on Generalized Intersection over Union (GIoU) [33]
to provide informative gradients for non-overlapping predicted and ground truth
affordance regions, speeding up learning; a distance-based reward using the im-
proved Fréchet distance to ensure reasonable trajectory curvature and segment
length; and an output-format reward to enforce well-formed reasoning and ac-
tion specifications. These optimizations enable VLA-R1 to generate accurate
affordance regions and well-formed execution trajectories, enhancing decision-
making.

Moreover, many existing datasets, although large in scale, fail to fully support
complex reasoning tasks due to the lack of detailed explanations and reasoning
processes in their annotations. To address this, we develop the VLA-CoT data
engine, which generates the high-quality VLA-CoT-13K dataset, making rea-
soning steps explicit. The engine aligns CoT with affordance and trajectory an-
notations, encouraging the model to learn task-consistent reasoning and enabling
it to acquire basic reasoning capabilities during the SFT phase.

Finally, we conduct comprehensive evaluations of VLA-R1 across in-domain,
out-of-domain, simulation, and real-robot settings. Empirically, VLA-R1 achieves
an IoU of 36.51 on the in-domain affordance benchmark, a 17.78% improvement
over the baseline; on the in-domain trajectory benchmark it attains an Average
distance of 91.74 (lower is better), reducing the baseline by 17.25%. It also deliv-
ers state-of-the-art (SOTA) performance in the out-of-domain setting. On physi-
cal hardware, VLA-R1 reaches 62.5% success for affordance perception and 75%
for trajectory execution. These results demonstrate the method’s effectiveness
under controlled conditions and its robustness and practicality across domains
and real-world scenarios.

Contributions in our paper can be summarized in the following three folds:

– We propose VLA-R1, a VLA foundation model that introduces an RLVR
optimization scheme with carefully designed rewards for region alignment,
trajectory consistency, and output formatting. The optimization is further
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enhanced by GRPO, which systematically strengthens reasoning and execu-
tion robustness while reducing reliance on manual annotation.

– We introduce the VLA-CoT data engine, which produces high-quality VLA-
CoT-13K aligned with affordance and trajectory labels and incorporates
verifiable rewards, explicitly remedying the lack of step-wise reasoning in
existing VLA models.

– Experiments show that VLA-R1 achieves state-of-the-art performance across
benchmarks. Compared with the strongest baseline, VLA-R1 improves affor-
dance localization by approximately 17.8% while reducing overall trajectory
errors by about 17.3%. In real-world evaluations, VLA-R1 achieves the high-
est task success rates across scenarios, reaching 62.5% for affordance percep-
tion and 75% for trajectory execution, demonstrating the effectiveness of our
training paradigm

2 Related Work

2.1 VLA Models

Early manipulation research often relies on state-based RL [2, 10], but these
methods struggle with high-dimensional visual inputs. More recently, vision-
centric approaches have become dominant, harnessing the reasoning capabilities
of large language models (LLMs) to improve generalization [7,23,27,39,42]. Vox-
Poser [15] uses vision-language models to generate 3D value maps, enabling zero-
shot trajectory planning. RoboFlamingo [24] fine-tunes on manipulation datasets
to perform language-conditioned tasks, while ManipLLM [23] incorporates CoT
reasoning to integrate object understanding, affordance perception, and pose
prediction into an interpretable framework. Building on this line, OpenVLA [20]
and RoboMamba [27] leverage fine-grained CoT data and SFT for further perfor-
mance gains. Other works, such as Embodied-Reasoner [46], Cosmos-Reason1 [3],
and RoboBrain [19], focus on long-horizon reasoning, interpretability, and log-
ical consistency in manipulation tasks. Despite progress, most approaches still
depend on large-scale annotated datasets. ManipLVM-R1 [36] reduces reliance
on supervision by combining small amounts of labeled data with RLVR-based
self-improvement, yielding robust generalization under limited supervision. In
contrast, our VLA-R1 explicitly integrates chain-of-thought supervision with
RLVR-based optimization, closing the gap between reasoning quality and action
execution.

2.2 RLHF for MLLMs

Multimodal Large Language Models (MLLMs) have demonstrated remarkable
reasoning capabilities across diverse visual tasks [4, 13, 14, 22, 25, 41]. Recently,
RLVR has emerged as a promising way to enhance their reasoning abilities.
For example, Vision-R1 [16] leverages a cold-start math dataset and progressive
Thinking Suppression Training to achieve results comparable to much larger
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models without relying on human annotations. LMM-R1 [32] adopts a two-
stage framework, first refining reasoning on textual data and then extending
to multimodal and agent-based reasoning tasks. Similarly, VLM-R1 [35] applies
an R1-style RL approach to visual grounding, improving open-vocabulary de-
tection and generalization. While these works highlight RLVR’s potential, their
scope remains limited to non-embodied domains. To bridge this gap, ManipLVM-
R1 [36], adapts RLVR to robotic manipulation, enhancing both reasoning and
action execution.

3 Method

3.1 Overview

The overall architecture of VLA-R1 is shown in Fig. 2. Given an input image
and a natural language instruction, VLA-R1 encodes multimodal information
with a vision–language backbone and produces a structured prediction that is
converted into executable robot commands by a deterministic control stack. The
vision branch processes the raw image with a visual encoder and projects fea-
tures into a shared embedding space, while the language branch tokenizes and
embeds the instruction. The multimodal decoder fuses the two modalities and
jointly reasons over visual cues, textual context, and temporal history, gener-
ating an output composed of an explicit reasoning trace and geometric action
specifications. These specifications include a 2D interaction region, represented
as an affordance box, and a 2D execution trajectory. At inference time, an action
decoder parses the geometric predictions, performs depth back-projection using
calibrated camera parameters, and applies robot kinematics to obtain joint-level
commands for execution. This design bridges high-level task descriptions with
grounded low-level control while preserving interpretability through explicit rea-
soning traces.

3.2 Embodied CoT Data Synthesis

To explicitly inject step-by-step reasoning into vision-language-action learning,
we augment the raw ShareRobot-style supervision with chain-of-thought anno-
tations generated by a strong teacher model, Qwen2.5-VL-72B. As illustrated
in Fig. 3, the synthesis pipeline is task-aware: each sample is first routed to an
affordance branch or a trajectory branch according to its annotation type, and
the teacher is prompted to produce a structured reasoning trace that remains
consistent with the original grounded supervision. In total, we generate 13K
CoT annotations, forming VLA-CoT-13K as high-quality intermediate supervi-
sion that bridges perception and action.

Affordance tasks synthesis. For samples annotated with affordance regions,
we prompt the teacher model to generate a reasoning trace that progressively
aligns the language instruction with the most likely interaction region in the
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Fig. 2: Overall architecture of VLA-R1. Training has two stages: Stage 1 uses
SFT with CoT supervision to learn reasoning over images and instructions; Stage 2
refines reasoning and actions via RL with verifiable rewards (GRPO). During infer-
ence, a control stack converts outputs into joint-level robot commands.

image. The process begins with comprehensive task parsing, where a complex
instruction is decomposed into finer-grained atomic intentions, making explicit
what interaction should be performed at the current step and what state can be
regarded as successful. The teacher model then performs semantic scene under-
standing by identifying task-relevant entities, including the target object, other
objects in the scene, and potential contact surfaces. Based on this grounded
understanding, the teacher model carries out affordance region localization by
highlighting the contact region most likely to support the intended manipula-
tion, while aligning the rationale with the visual evidence. Finally, it produces
a detailed feasibility check to rule out implausible candidate regions. At this
stage, the reasoning explicitly considers the current object state and environ-
mental context, such as reachability, occlusion, and whether the selected region
can truly support the intended interaction. As a result, the generated CoT for
this branch not only explains why a particular affordance region is correct un-
der the given instruction, but also remains visually grounded in the original
affordance supervision.

Trajectory tasks synthesis. For samples annotated with end-effector trajec-
tories, we guide the teacher model to synthesize a reasoning process that explains
how an instruction is transformed into a temporally coherent motion plan. The
process first performs instruction-to-motion task parsing, where a long-horizon
instruction is rewritten into a sequence of sub-trajectory objectives. It then con-
ducts target object and gripper localization by identifying the initial state of
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Fig. 3: Embodied CoT Data Engine. After ingesting multimodal data, the sys-
tem parses tasks based on type (e.g., affordance or trajectory), performs scene under-
standing and localization, validates feasibility, and generates structured CoT traces for
training.

the robot gripper and the positions of task-relevant target entities. Next, the
teacher model reasons about possible trajectory–scene interactions, including
the placement of intermediate waypoints, potential collision risks, and how the
end effector should bypass obstacles while satisfying task constraints. Finally, the
reasoning trace concludes with trajectory logic and smoothness analysis, which
checks whether the proposed motion is kinematically feasible and smooth, avoids
unrealistic discontinuities, and ensures that the path progresses coherently to-
ward the goal. The generated CoT for this branch therefore not only specifies
where the trajectory should go, but also explains why these intermediate paths
are reasonable under the given scene layout.

3.3 Supervised Fine-Tuning

We perform supervised fine tuning on our synthetic high quality VLA-CoT-
13K dataset, which presents step by step think chains paired with grounded
visual evidence and action targets. Compared with naive question and answer
instruction tuning, chain of thought provides intermediate supervision signals
that encourage explicit decomposition, stronger visual grounding, and stable
credit assignment across time. This produces policies that reason before acting,
which improves sample efficiency and prepares the model for subsequent post
training under verifiable rewards. In practice we supervise both the structured
<think> segment and the final <output> or action segment, which regularizes
reasoning style, reduces hallucination, and yields more reliable action decoding
under long horizon inputs.

We initialize our foundation model with Qwen2.5-VL-3B [5]. The vision path-
way is a redesigned Vision Transformer with window attention and 2D RoPE
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that supports native input resolution and dynamic frame rate sampling for
videos. Visual tokens are softly compressed by an MLP merger before being
fed into the language decoder. The text side adopts the Qwen2.5 tokenizer with
a large vocabulary and the standard Qwen2.5 decoder stack. On top of the
multimodal decoder we attach an action decoder module that we implement to
map hidden states to control outputs for downstream tasks. This initialization
provides a strong balance of accuracy and efficiency for long temporal contexts.

3.4 Reinforcement Learning

After SFT, we further optimize VLA-R1 through RL, as shown in Fig. 2. We
adopt the GRPO algorithm, recently proposed by DeepSeek [12, 34] as a scal-
able variant of RLHF. We extend this approach to multimodal action reasoning,
allowing the model to benefit from structured verifiable rewards while maintain-
ing training stability. For input q, GRPO samples {o1, . . . , on} from πold, scores
each with a reward function to get rg. Normalize via intra-group mean r̄ and std
σr: Âg = (rg − r̄)/σr. For process supervision, step-wise rewards are normalized
similarly, with token-wise advantages accumulated and shared across outputs.
For the k-th token of the g-th output, the new/old policy probability ratio is:

rg,k(θ) =
πθ(og,k | q, og,<k)

πold(og,k | q, og,<k)
. (1)

GRPO’s objective:

LGRPO(θ) = −
n∑

g=1

1

|og|

|og|∑
k=1

[
min

(
rg,k(θ) Âg,k,

clip
(
rg,k(θ), 1− ε, 1 + ε

)
Âg,k

)
− β DKL

(
πθ ∥ πref

)]
.

(2)

where clip(·) bounds the ratio to [1 − ε, 1 + ε], and the last term is a KL
penalty to avoid excessive policy drift.
Fréchet Trajectory Reward. The primary reward measures alignment using
Angle-Length Augmented Fréchet distance (ALAF). Unlike pointwise Euclidean
losses, ALAF respects the temporal ordering of the curves and augments it
with local geometry. We represent each trajectory as a sequence of triples T =
{pi, ti, ℓi}, where pi is the 2D waypoint (normalized image coordinates), ti is
the unit motion direction at pi (forward/backward difference at endpoints and a
normalized blend of adjacent segment directions for interior vertices), and ℓi is
the local segment length (distance to the next waypoint; for the last vertex, to
the previous one). ALAF combines the positional discrete Fréchet term with an
angle penalty between unit tangents and a scale penalty based on the log ratio
of neighboring segment lengths, weighted by λθ and λr; see Eq. (3).
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DALAF(T̂ , T
∗) = min

Φ
max

(i,j)∈Φ

[
∥p̂i − p∗j∥2︸ ︷︷ ︸

position

+ λθ arccos
(

t̂it
∗
j

∥t̂i∥ ∥t∗j ∥

)
︸ ︷︷ ︸

angle

+λr

∣∣ log(ℓ̂i/ℓ∗j )∣∣︸ ︷︷ ︸
length ratio

]
,

(3)

where Φ denotes all order-preserving couplings between the sequences. T̂ =
{p̂i, t̂i, ℓ̂i} denotes the ground-truth trajectory. T ∗ = {p∗i , t∗i , ℓ∗i }denotes the pre-
dicted trajectory. The trajectory reward is defined as

Rtraj = 1− D̃ALAF(T̂ , T
∗). (4)

Here, D̃ALAF denotes the ALAF distance normalized to [0, 1]; larger Rtraj indi-
cates better alignment.
GIoU Affordance Reward. For spatial grounding, we introduce a GIoU [33]
reward between predicted and ground-truth bounding boxes. While IoU only
considers the overlapping region, GIoU additionally accounts for the smallest
enclosing box, penalizing misaligned predictions even when boxes do not overlap.
This improves spatial robustness, especially in cluttered environments where
partial overlaps are common:

RGIoU = GIoU(b̂, b∗). (5)

Format Reward. Finally, we enforce structural correctness with a format re-
ward. The model must output responses that follow the required structure
(<think>...</think> reasoning segment followed by a <output>...</output>
action segment). The format reward is binary:

Rformat =

{
1 if the output adheres to format,
0 otherwise.

(6)

This encourages interpretable reasoning traces and prevents degenerate outputs
during post-training.

4 Experiment

To rigorously evaluate the effectiveness and generalization capacity of the pro-
posed approach, we conduct experiments across 4 settings: in-domain datasets,
out-of-domain datasets, simulation environments, and real-robot platforms. We
compare with representative baselines and ablate each component to show its
impact.
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4.1 Dataset and Metrics

In-Domain Datasets. We evaluate all models on ShareRobot [19], a curated
subset of Open X-Embodiment [31] that covers 12 robots and 102 tasks. The
benchmark includes 6,522 images with affordance annotations and 6,870 with
trajectory annotations, all human-verified for quality. We further use the Em-
bodied CoT engine to generate the VLA-CoT dataset on these subsets for train-
ing.
Out-of-Domain Datasets. For out-of-domain evaluation, we use a subset of
UMD Part Affordance [29] with 1,200 samples from four categories (grasp, cut,
pound, scoop). For trajectory prediction, we evaluate on VAIT [30], selecting 500
samples and manually correcting deviated trajectories for reliable assessment.
Metrics. For affordance perception, we use IoU (%) to measure overlap be-
tween predicted and ground-truth regions. For trajectory prediction, following
prior work [19, 36], trajectories are represented as ordered 2D waypoints nor-
malized to [0, 1000). We evaluate using three metrics: Discrete Fréchet Distance
(DFD) for shape and alignment, Hausdorff Distance (HD) for maximum devia-
tion, and Root Mean Square Error (RMSE) for average error, which providing
a comprehensive assessment of accuracy and consistency.

In both real-world and simulated evaluations, we report Success Rate (SR)
as the task-level metric. For affordance tasks, success requires correct object
localization and grasp when an object is present; if no object exists, success is
defined as outputting no box. For trajectory tasks, success requires ending in
the goal region with the object delivered.

4.2 Experiment on Benchmark

Implementation Details. To ensure a fair comparison, we curate a contem-
porary suite of baselines. Specifically, we evaluate Gemma-3-12B-it, Gemma-
3-27B-it [37], Phi-4-multimodal-Instruct [1], and the Qwen2.5-VL-3B-Instruct,
Qwen2.5-VL-32B-Instruct [6]. All open-source models are assessed under few-
shot prompting to furnish a minimal perception prior. To validate the effec-
tiveness of our training framework, we further include supervised fine-tuning
baselines—InternVL2-2B [8] , LLaVA-1.6-7B [26], RoboBrain-7B [19] , and NORA-
3B [17]—as well as an RL post-trained model, ManipLVM-R1-3B [36] and Embodied-
R1-3B [45].
Experiment Results. As shown in the Table 2, open-source multimodal instruction-
following models perform poorly on the in-domain dataset: despite large param-
eter counts, IoU remains below 10, and trajectory errors (DFD, HD, RMSE)
are uniformly high. This indicates that generic models alone are inadequate for
the precision demands of embodied tasks. Supervised fine-tuning (SFT) yields
clear gains—e.g., RoboBrain-7B and NORA-3B attain higher IoU and lower
trajectory errors than open-source baselines—yet their IoU typically remains in
the 5–25 range. By contrast, VLA-R1-3B achieves the best results across all
metrics: IoU = 36.51, DFD = 106.2, HD = 97.9, and RMSE = 71.12. Rela-
tive to the strong baseline ManipLVM-R1, IoU improves by 17.78%, and the
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Table 2: In-domain and out-of-domain performance comparison. Avg is computed as
the mean of DFD, HD, and RMSE.

Method In-Domain Out-of-Domain

IoU ↑ DFD ↓ HD ↓ RMSE ↓ Avg ↓ IoU ↑ DFD ↓ HD ↓ RMSE ↓ Avg ↓

Open-source Models
Phi-4-multimodal-Instruct 0.58 243.92 224.73 189.27 219.31 2.17 240.18 235.44 202.69 226.10
Gemma-3-12b-it 1.18 206.72 190.64 154.96 184.11 4.65 204.94 209.88 175.42 196.75
Gemma-3-27b-it 1.32 257.42 230.29 184.47 224.06 8.20 232.86 268.03 209.25 236.71
Qwen2.5-VL-3B-Instruct 6.15 208.02 179.12 144.14 177.09 23.96 211.80 205.00 140.49 185.76
Qwen2.5-VL-32B-Instruct 7.40 125.54 113.00 85.05 107.86 25.14 182.73 176.51 133.17 164.14

Supervised Fine-Tuning
LLaVA-1.6-7B 3.98 184.40 178.00 133.28 165.23 5.90 170.88 167.10 160.79 166.26
InternVL2-2B 6.74 250.20 239.34 194.74 228.09 15.25 165.98 167.84 145.64 159.82
RoboBrain-7B 11.79 156.10 136.52 106.71 133.11 22.00 220.94 214.14 173.02 202.70
NORA-3B 23.48 139.65 126.76 92.97 119.79 22.44 154.81 129.84 95.65 126.77

Supervised Fine-Tuning + Reinforcement Learning
ManipLVM-R1-3B 31.00 134.18 111.14 87.28 110.87 28.00 146.82 140.52 108.64 131.99
Embodied-R1-3B – 132.37 113.65 86.22 110.75 – 146.24 132.80 99.36 126.13
VLA-R1-3B 36.51 106.20 97.90 71.12 91.74 33.96 114.30 98.43 68.97 93.90

overall trajectory error is reduced by 17.25%, attesting to the effectiveness of
our training paradigm.From the OOD results, despite substantial distribution
shifts, VLA-R1-3B remains superior on trajectory prediction: IoU increases to
33.96, while DFD, HD, and RMSE decrease to 114.3, 98.43, and 68.97, respec-
tively—surpassing the baseline, ManipLVM-R1-3B, and demonstrating strong
cross-domain generalization and robustness.

4.3 Experiment on the Real World

To comprehensively assess real-world performance, we design four canonical sce-
narios on a tabletop platform. We instantiate: S1: Bowl picking, containing
bowls of multiple colors placed in diverse locations; the model must grasp the
user-specified color and, for trajectory tasks, place it precisely into a designated
frame/basket of a given color. S2: Fruit picking, featuring repeated instances
of the same fruit; the model must disambiguate and grasp the specified item
and, for trajectory tasks, place it into the basket or onto the plate indicated by
the instruction. S3: Kitchen scenario, comprising an open microwave, plates,
and food props, where the model must contend with visual occlusion from the
door and the spatial constraints of the cavity. S4: Mixed scenario, in which
bowls, produce, baskets, and plates co-occur, requiring grasp-and-place under
multi-category, multi-attribute distractors. Each scenario is evaluated over ten
independent trials; we randomize initial object placements and poses and shuffle
scenario order to mitigate potential ordering effects. Since Pi0/Pi0.5, OpenVLA,
and RT-2-X cannot be directly deployed on an arbitrary robot embodiment
without post-training adaptation, we additionally fine-tune these baselines on
our collected trajectories. Specifically, we collect 160 real-world task trajectories
(40 per scenario) and 80 simulated trajectories (40 per robot embodiment) for
training, and fine-tune each model until the training loss converges.
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Fig. 4: Evaluate in 4 real - world scenarios and 2 simulation environments

Experiment Results. As shown in Table 3, VLA-R1 achieves an average SR
of 62.5% for affordance perception and 75% for trajectory prediction across the
four scenarios. In comparison, OpenVLA and RT-2-X lag behind with average
SRs below 40% on both tasks. More recent baselines show stronger performance:
Pi0 reaches 45% and 50%, while Pi0.5 attains 62.5% and 70%, respectively. Nev-
ertheless, VLA-R1 further improves trajectory prediction to 75% while matching
the best affordance accuracy.

Across scenarios, failures are mainly caused by distractors such as color simi-
larity, visually identical objects, and heavy clutter, especially in S2 and S4 where
fine-grained discrimination and spatial reasoning are required. Despite these
challenges, VLA-R1 remains stable across scenarios and demonstrates stronger
spatial consistency, often producing affordance regions or trajectories close to
the target even under severe clutter. These results indicate improved grounding
and partial self-correction enabled by explicit reasoning supervision.

4.4 Experiment on Simulation

Implementation Details. To evaluate cross-robot performance and improve
reproducibility, we conduct additional experiments in the RoboTwin simulator.
A randomized tabletop clutter generator varies object categories, colors, poses,
and table appearance across trials. Two robotic embodiments, Piper and UR5,
are evaluated to test the cross-robot generalization ability of VLA-R1, each over
ten independent trials with randomized initialization.
Experiment Results. Although trained only on real-world data, VLA-R1 per-
forms well in simulation. On affordance perception, it achieves 60% SR on Piper
and 50% on UR5; for trajectory execution, it reaches 80% and 60%, respectively,
as shown in Table 3.

Earlier VLA baselines such as OpenVLA and RT-2-X perform substantially
worse, with affordance and trajectory SRs generally below 30%. Stronger recent
models improve performance: Pi0 achieves 40% and 30% on affordance and 50%
and 40% on trajectory for Piper and UR5, while Pi0.5 reaches 50% and 50% on
affordance and 70% and 60% on trajectory. NORA attains moderate affordance
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Table 3: Performance comparison in real-world and simulation experiments.

Model Task
Real World Simulation

S1 S2 S3 S4 Avg Piper UR5 Avg

OpenVLA [21]
affordance 30% 30% 20% 20% 25% 20% 10% 15.0%
trajectory 20% 30% 30% 40% 30.0% 20% 0% 10.0%

RT-2-X [38]
affordance 40% 40% 30% 20% 32.5% 30% 20% 25.0%
trajectory 30% 40% 40% 50% 40.0% 30% 10% 20.0%

NORA [17]
affordance 40% 30% 30% 40% 35% 50% 30% 40%
trajectory 40% 50% 30% 70% 47.5% 30% 10% 20%

Pi0 [18]
affordance 50% 40% 50% 40% 45% 40% 30% 35.0%
trajectory 40% 50% 50% 60% 50.0% 50% 40% 45.0%

Pi0.5 [18]
affordance 70% 60% 60% 60% 62.5% 50% 50% 50.0%
trajectory 60% 70% 80% 70% 70.0% 70% 60% 65.0%

VLA-R1
affordance 80% 60% 70% 60% 62.5% 60% 50% 55%
trajectory 60% 80% 80% 80% 75% 80% 60% 70%

Table 4: Real-world performance comparison between Embodied-R1 and VLA-R1 over
five scenarios, with 30 independent trials per scenario.

Model Task S1 S2 S3 S4 S5 Avg

Embodied-R1 Aff. 73.3% 60.0% 66.7% 63.3% 53.3% 63.3%
Traj. 63.3% 73.3% 76.7% 73.3% 53.3% 68.0%

VLA-R1 Aff. 76.7% 63.3% 73.3% 66.7% 63.3% 68.7%
Traj. 66.7% 76.7% 80.0% 76.7% 56.7% 71.3%

accuracy (50% on Piper and 30% on UR5) but remains weak on trajectory
prediction. Overall, VLA-R1 achieves the highest trajectory success rate across
both robots while maintaining competitive affordance performance.

Following the reviewers’ suggestion, we further extend the real-world evalua-
tion by adding S5 and increasing each scenario to 30 trials. S5 is an ambiguity-
focused scene consisting of multiple colored blocks and distractor baskets, where
the robot must identify the target object according to color and spatial relations
rather than relying on object category alone. Since the additional S5 evalu-
ation mainly targets ambiguity reasoning, we report the comparison between
Embodied-R1 and VLA-R1 in Table 4.

4.5 Ablation Study

Implementation Details. To rigorously assess the impact of Chain-of-Thought
(CoT) reasoning and Reinforcement Learning (RL) on performance, we conduct
an ablation study with four configurations: (1) without CoT and RL (w/o CoT
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1.Affordance Tasks

A: <think>The instruction "pick up the blue spoon and put it into the 
pot" requires a pick-and-place action: grasp the blue spoon, then place it 
into the pot. In the image, the table contains a blue spoon, a red spoon, a 
yellow towel, and a pot. The predicted affordance region targets the blue 
spoon’s handle, which is suitable for a stable grasp. The robot arm can 
reach this region to pick up the blue spoon and place it into the pot 
smoothly.</think> so, the answer is <output>{"x": 0.49375, "y": 
0.66875, "width": 0.098437, "height": 0.085416}</output>

{"x": 316, "y": 321, "width": 63, "height": 41}Denormalization

{"x": 490, "y": 306, "width": 44, "height": 73}

A: {"x": 0.765625, "y": 0.6375, "width": 0.06875, "height": 0.152083}

2.Trajectory Tasks

A:<think>The task requires the robot to pick up the red strawberry 
located near the center of the kitchen counter. The robot arm starts on the 
right side of the frame, and the gripper must move across the counter 
toward the strawberry. Nearby objects, including a metal bowl in front 
and a green plate slightly above the strawberry, could potentially obstruct 
the path, so the trajectory must carefully navigate around them. The 
waypoints guide the arm incrementally, ensuring smooth and collision-
free movement while aligning the gripper directly above the strawberry 
for a stable grasp.</think> so, the answer is <output>[[0.696875, 
0.252083], [0.539062, 0.266757], [0.479687, 0.308333], [0.451562, 
0.36875],[0.434375,0.479166]]</output>

[[446, 121], [345, 128], [307, 148],[289, 177],[278, 230]]Denormalization

[[481, 151], [447, 228], [387, 278],[349, 282],[288, 275]]

A: [[0.751562, 0.314583], [0.698437, 0.475021], [0.604687, 0.579166]
,[0.545312, 0.5875],[0.450013, 0.572916]]

Q：pick up the blue spoon and put it into the pot + Affordance from

CoT Reasoning

Denormalization

Direct Predicted

Q：grab the red strawberries on the kitchen countert + Trajectory from

Denormalization

CoT Reasoning

Direct Predicted

in the right image）（

in the right image）（

in the left image）（

in the left image）（

Fig. 5: Ablation Case Analysis: The figure presents a comparison between direct
outputs and those generated with embodied CoT reasoning.

& RL); (2) CoT only; (3) RL only; and (4) CoT+RL. All models are trained
under identical hyperparameters to ensure a fair comparison.
Experiment Results. As shown in Table 5, introducing embodied CoT reason-
ing alone improves affordance localization quality. IoU increases from 23.74 to
28.37, while the overall error decreases from 128.38 to 124.60. This suggests that
explicit reasoning helps the model better interpret task instructions and reduce
ambiguities induced by visual attributes such as color and interaction regions,
which is especially important in cluttered scenes. As illustrated in Fig. 5, for af-
fordance prediction the model can handle complex tabletop arrangements with
multiple semantically similar objects (e.g., several spoons) by distinguishing the
correct instance via handle color and focusing on the graspable part, rather than
relying on a direct gauss. For trajectory prediction, when potential obstacles are
present, the reasoning trace supports more accurate localization of both the end
effector and the target object, leading to trajectories that better avoid collisions.

With reinforcement learning further applied, the RL-only variant reduces the
overall error to 108.66, showing that RL can directly improve executable output
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Table 5: Ablation study on the effect of Embodied CoT reasoning and RL. Avg is
computed as the mean of DFD, HD, and RMSE.

Method IoU ↑ DFD ↓ HD ↓ RMSE ↓ Avg ↓

w/o Embodied CoT & RL 23.74 149.38 135.72 100.04 128.38
Embodied CoT only 28.37 145.51 131.26 97.03 124.60
RL only 31.85 124.90 116.35 84.72 108.66
Embodied CoT + RL 36.51 106.20 97.90 71.12 91.74

optimization. When combined with Embodied CoT reasoning, performance im-
proves substantially across all metrics. IoU rises to 36.51, while DFD, HD, and
RMSE drop to 106.20, 97.90, and 71.12, respectively, reducing the overall error
to 91.74. These results indicate that RL refines the policy using task-success
signals, while Embodied CoT provides structured reasoning priors, making the
predicted regions and motions better aligned with successful execution.

5 Limitation and Future Work

While VLA-R1 demonstrates strong performance across benchmarks, simulation,
and real-robot settings, a key limitation is that it has not yet been developed or
validated on other types of robotic platforms such as bi-manual robot arms and
quadruped robot dogs. Extending VLA-R1 to these embodiments represents an
important direction for future work, enabling broader applicability and testing
its generalization in more diverse real-world scenarios.

6 Conclusion

In this work, we introduce VLA-R1, a reasoning-enhanced Vision–Language–
Action model that integrates chain-of-thought supervision with reinforcement
learning from verifiable rewards. By designing the VLA-CoT-13K dataset
and incorporating an RLVR-based post-training strategy, VLA-R1 explicitly
strengthens both step-by-step reasoning and execution robustness. Comprehen-
sive experiments across in-domain, out-of-domain, simulation, and real-robot
platforms demonstrate that VLA-R1 achieves SOTA performance and superior
generalization. We believe this work provides a promising step toward bridging
the gap between reasoning quality and action execution in embodied AI.
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