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Abstract

Large Vision-Language Models (LVLMs) have recently ad-
vanced robotic manipulation by leveraging vision for scene
perception and language for instruction following. However,
existing methods rely heavily on costly human-annotated
training datasets, which limits their generalization and causes
them to struggle in out-of-domain (OOD) scenarios, re-
ducing real-world adaptability. To address these challenges,
we propose ManipLVM-R1, a novel reinforcement learning
framework that replaces traditional supervision with Rein-
forcement Learning using Verifiable Rewards (RLVR). By
directly optimizing for task-aligned outcomes, our method
enhances generalization and physical reasoning while re-
moving the dependence on costly annotations. Specifically,
we design two rule-based reward functions targeting key
robotic manipulation subtasks: an Affordance Perception Re-
ward to enhance localization of interaction regions, and a
Trajectory Match Reward to ensure the physical plausibil-
ity of action paths. These rewards provide immediate feed-
back and impose spatial-logical constraints, encouraging the
model to go beyond shallow pattern matching and instead
learn deeper, more systematic reasoning about physical in-
teractions. Experimental results show that ManipLVM-R1
achieves substantial performance gains across multiple ma-
nipulation tasks, using only 50% of the training data while
achieving strong generalization to OOD scenarios. We fur-
ther analyze the benefits of our reward design and its impact
on task success and efficiency.

Introduction

Large Vision-Language Models (LVLMs) are driving
progress toward artificial general intelligence (AGI) by com-
bining self-supervised learning with large-scale multimodal
data (Song et al. 2025; Xie et al. 2025; Wang et al. 2025; Ji
et al. 2025a; Guo et al. 2024; Zhou et al. 2024). They ex-
hibit strong visual perception and language understanding,
achieving notable results in visual question answering (Cai
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et al. 2024; Chen et al. 2024), image captioning (Li et al.
2022, 2023a), and mobile assistants (Song et al. 2024a; Li
et al. 2024c¢).

Despite recent success, applying LVLMs to robotic ma-
nipulation remains limited due to their lack of fine-grained
control and grounded physical reasoning. Most prior work
focuses on high-level planning (Belkhale et al. 2024; Huang
et al. 2023b; Song et al. 2024b), action sequencing (Brohan
et al. 2023b,a), or visual reasoning (Liu, Bahety, and Song
2023; Tan et al. 2025; Zhang et al. 2025; Zhao et al. 2025;
Ji et al. 2025b), with limited attention to low-level decision-
making and physical dynamics required in manipulation.

RoboBrain (Ji et al. 2025c) fine-tunes LVLMs with
reasoning-augmented supervision by combining expert
demonstrations and language model-generated thoughts.
While this improves instruction alignment, supervised fine-
tuning (SFT) demands extensive annotations and suffers
from limited generalization to unseen scenarios, making it
less scalable for real-world deployment.

Reinforcement Learning with Verifiable Rewards (RLVR)
has recently emerged as a promising alternative in domains
such as mathematics and programming (Team et al. 2025b;
Huang et al. 2025b,c; Chen et al. 2025; Han et al. 2024),
where task outcomes can be automatically verified with-
out human intervention. However, directly applying RLVR
to robotic manipulation poses challenges: rewards are often
sparse and delayed, and conventional scalar feedback lacks
the spatial and logical structure necessary to guide visuomo-
tor learning effectively.

To address these limitations, we propose ManipLVM-R1,
anovel RLVR-based framework that enables LVLMs to per-
form robotic manipulation by optimizing structured, verifi-
able rewards. Specifically, we introduce task-aligned reward
functions for two key subtasks: affordance perception and
trajectory prediction. The affordance reward integrates for-
mat validation with IoU-based spatial matching, while the
trajectory reward aggregates path similarity, endpoint preci-
sion, and movement smoothness constraints. These reward
formulations provide immediate, structured feedback that is
both spatially grounded and semantically aligned with phys-
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Figure 1: Left: Comparative evaluation of ManipLVM-R1 against baselines on In Domain (ID) dataset and Out of Domain
(OOD) dataset. Right: Leveraging our proposed RLVR method, ManipLVM-R1 outperforms supervised fine-tuning on both
affordance perception and trajectory prediction, using only 50% of the training data.

ical task success.

Experimental results show that ManipLVM-R1 outper-
forms strong baselines using only 50% of the training data,
achieving a task success rate of 21.2% in affordance pre-
diction and 28.1% in trajectory execution. It also yields a
144% improvement in IoU and a 12.5% gain in trajectory
prediction accuracy over the strongest supervised baseline.
In out-of-distribution settings, ManipLVM-R1 consistently
surpasses both open-source and fine-tuned models, includ-
ing Qwen2.5-VL-32B-Instruct and RoboBrain-7B (Ji et al.
2025¢).

Our contributions are threefold: (1) a reinforcement learn-
ing framework for robotic manipulation that avoids reliance
on costly human supervision; (2) structured, multi-objective
reward functions tailored to spatial and temporal reasoning;
and (3) thorough evaluations demonstrating improved sam-
ple efficiency, generalization capability, and task execution
quality in both in-domain and out-of-distribution settings.

Related Work
RLVR for Large Vision Language Models

Large Vision-Language Models (LVMs) have demonstrated
impressive reasoning capabilities across a variety of visual
tasks (Li et al. 2024a; Wang et al. 2024a; Bai et al. 2023;
Wang et al. 2024b). Their ability to align visual percep-
tion with language understanding has enabled strong perfor-
mance in domains such as question answering, captioning,
and instruction following.

To further enhance these capabilities, recent research
has explored Reinforcement Learning with Verifiable Re-
wards (RLVR). Vision-R1 (Huang et al. 2025a) introduces
the PTST strategy, allowing effective training on cold-
start datasets while matching performance with significantly
larger models. LMM-R1 (Peng et al. 2025) employs a
two-stage RLVR pipeline, leveraging text-only reasoning in
the first stage before transferring to vision-based domains,
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achieving effective modality transfer. VLM-R1 (Shen et al.
2025) adapts the RLVR paradigm to open-vocabulary object
detection by grounding language in visual entities through
verifiable feedback. These approaches show that RLVR can
effectively activate latent reasoning capabilities within pre-
trained models, even without extensive human supervision.
However, none of these directly address the domain of
robotic manipulation, which requires not just perception
and reasoning but also physical execution and control. To
bridge this gap, we propose ManipLVM-R1, an RLVR-
based framework tailored to manipulation tasks, integrating
both high-level reasoning and low-level action grounding.

Robot Manipulation

Traditional robot manipulation methods often relied on low-
level state-based reinforcement learning (Geng et al. 2023),
which struggled to generalize to complex, high-dimensional
visual inputs. The recent integration of LLMs and vision-
language models into manipulation pipelines has led to a
new wave of vision-based manipulation approaches (Bro-
han et al. 2022, 2023a; Wang et al. 2023; Li et al. 2024b;
Liu et al. 2024c¢), enabling more abstract task planning and
generalization.

Some methods aim to ground language into spatial repre-
sentations. VoxPoser (Huang et al. 2023a) synthesizes 3D
volumetric value maps from textual instructions to guide
object placement. Others focus on fine-tuning VLMs for
robotic tasks. RoboFlamingo (Li et al. 2023b) and Mani-
pLLM (Li et al. 2024b) supervise models with CoT data to
learn visual reasoning for manipulation. RoboMamba (Liu
et al. 2024¢) and OpenVLA (Kim et al. 2024) further extend
this by curating high-quality datasets for language-guided
visual planning.

Embodied Reasoner (Zhang et al. 2025), Cosmos-
Reasonl (Azzolini et al. 2025), and RoboBrain (Ji et al.
2025c¢) push the boundary by improving interpretability and



reasoning alignment through supervised CoT fine-tuning.

Despite these advances, most approaches still depend
heavily on large-scale annotations and handcrafted supervi-
sion strategies. In contrast, our ManipLVM-R1 framework
eliminates the need for extensive CoT labels, instead learn-
ing from structured, verifiable rewards. This enables robust
reasoning and generalization under low supervision condi-
tions, setting the stage for more scalable and autonomous
robot learning.

Method

In this section, we first present the preliminaries of RLVR.
Subsequently, we introduce the training framework for
ManipLVM-R1 and elucidate the rationale behind its design.
A visual overview of our architecture is shown in Figure 2.

Preliminary of Reinforcement Learning with
Verifiable Rewards

Reinforcement Learning with  Verifiable Rewards
(RLVR) (Guo et al. 2025; Team et al. 2025b) is a paradigm
for training language or vision-language models on tasks
where correctness can be automatically verified—such as
in mathematics, programming, and increasingly, embodied
Al Unlike reinforcement learning from human feedback
(RLHF) (Liu et al. 2024a; Zang et al. 2025), RLVR removes
the need for subjective preference labels by relying on
task-specific verification functions to determine reward
signals.

Formally, given an instruction ¢, a policy model 7y gen-
erates a candidate response o, which is then evaluated by a
verifiable reward function R(q, o). The model is trained to
maximize the following RLVR objective:

max Eowr, (q) [R(q; 0) = BKL (mo(0lg) [| mer(0lg))] - (1)

Here, 7 is the reference model prior to RLVR optimiza-
tion, and (3 is a hyperparameter that regulates the divergence
from this reference. The reward function R provides binary
or continuous signals based on whether the model’s output
satisfies task-specific success criteria. For binary tasks, it
typically takes the form:

R(q,0) = {(1)

In practice, more expressive reward functions can incor-
porate task structure and partial correctness signals—crucial
for domains like robotic manipulation where outcomes
are spatially and temporally grounded. Our ManipLVM-
R1 leverages this flexibility by designing reward functions
tailored to affordance perception and trajectory alignment,
thereby guiding the model toward physically plausible and
task-effective behaviors.

if o = ground truth,
otherwise.

@)

ManipLVM-R1

While RLVR has shown promise in domains like mathemat-
ics and programming, its application to robotic manipula-
tion remains limited. This is primarily due to two challenges:
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(1) sparse and delayed reward signals in manipulation tasks,
which hinder effective learning and optimization, and (2) the
lack of spatial-logical constraints in reward design, causing
models to rely on superficial pattern matching rather than
learning grounded physical reasoning. To address these is-
sues, we propose ManipLVM-R1, an RLVR-based frame-
work that incorporates structured reward design and stable
policy optimization. ManipLVM-R1 decomposes the overall
manipulation task into two distinct subtasks: affordance per-
ception and trajectory prediction. It trains separate models
for each subtask, enabling more focused learning and better
generalization in physically grounded environments.

Policy Samples For a given input state (x, ¢), where x is
the visual encoding of the input image and ¢ is the textual
encoding of the instruction, ManipLVM-R1 first generates
G distinct responses {01, 02, ..., 0 } from the current policy
my. Different from other work, to adapt this methodology
for robotic manipulation tasks involving affordance percep-
tion and trajectory prediction, ManipLVM-R1 incorporates
distinct sets of reward functions: Affordance Perception Re-
ward and Trajectory Match Reward. For brevity, we omit the
response index in the following introduction.

Affordance Perception Reward For the affordance per-
ception task, the Affordance Perception Reward Rqpqiia1 com-
bines two components: a format reward Rgormq and an affor-
dance reward R,s. The format reward Rygoma ensures that
the model outputs follow a structured format—reasoning
enclosed in ‘jthinkgj/think;’ and the final answer enclosed
in ‘janswer;j/answer;’, with the ‘janswer;’ field containing
the coordinates of a predicted bounding box. This structure
not only facilitates reliable reward extraction but also guides
the model to organize its output in a way that aligns with
downstream evaluation and training. Meanwhile, the affor-
dance reward R,y focuses on the core objective of affor-
dance perception: accurately identifying where an object in-
teraction can occur. It evaluates spatial accuracy by compar-
ing the predicted bounding box b* with the ground-truth box
b using the Intersection-over-Union (IoU) metric. By opti-
mizing Ry = IoU(b*, 13), the model is encouraged to gener-
ate spatially precise and semantically grounded predictions
that directly support successful interaction planning. Taken
together, the Affordance Perception Reward is defined as:

Rspatial = Rrormat + Rar. (3)

Trajectory Match Reward For the trajectory prediction
task, the model is expected to output a sequence of 2D coor-
dinates, denoted as T’ = {p1,D2, ..., DN}, wWhere each p; €
R? represents an (z, y) position in image space, with the ori-
gin at the top-left corner. The predicted trajectory is evalu-
ated against a ground-truth sequence T* = {p{,p3, ....,p3,
using three components: a format reward Rgoma, @ path sim-
ilarity reward Rp.m, and an endpoint distance reward Reyg.

The format reward Ryorma Verifies structural correctness,
including proper use of ‘jthink;‘ and ‘janswer‘ tags. Un-
like in affordance perception, it enforces a trajectory-specific
constraint: the predicted numbers must fall within a valid
range (e.g., 3-10), ensuring both conciseness and inter-
pretability.
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Figure 2: Overview of the proposed ManipLVM-R1 framework. Given an image and an instruction, the policy model generates
multiple responses, which are optimized using structured rewards: the Affordance Perception Reward for affordance detection,
and the Trajectory Match Reward based on multiple distance metrics, path similarity, and endpoint accuracy.

To encourage the model to generate physically plausible
and goal-aligned trajectories, we design the path similarity
reward Rpun. The motivation behind this design is that many
supervised methods, such as behavioral cloning (Nazeri and
Bohlouli 2021), focus primarily on endpoint accuracy while
overlooking the quality and feasibility of the trajectory it-
self. In robotic manipulation tasks, the shape, continuity, and
alignment of the trajectory with respect to the ground truth
are critical for ensuring robust and safe control strategies.
To capture these aspects, we incorporate multiple geometric
similarity metrics that evaluate how well the predicted tra-
jectory matches the ground truth from different perspectives.
Rpan is a weighted aggregation of rewards derived from
three distinct metrics: Discrete Fréchet Distance (DFD),
Hausdorff Distance (HD), and Root Mean Square Error
(RMSE). The reward for each metric (Rpgp, Rup, FRrRMSE)
is obtained by normalizing the respective distance value to
a score between 0 and 1. Rpgp quantifies overall shape sim-
ilarity and temporal alignment between trajectories; Rpup
captures the maximum pointwise deviation; Rrysg mea-
sures the average pointwise discrepancy. The final Ry is
as:

Rpan = Rprp + Rup + Rrusk- 4)

The endpoint distance reward R.,q measures the proxim-
ity between the final predicted point py and the ground-
truth endpoint p,; using Euclidean distance: Reng
exp(—k||py — pis||?). The overall trajectory match reward
is defined as the sum of the three components:

Rtrajeclory = Rformat + Rpalh + Rend- (5)

Policy Update Inspired by Group Relative Policy Opti-
mization (GRPO) (Guo et al. 2025), we select multiple re-
sponses from the current policy as candidate actions. De-
pending on the task type, either Rpagar OF Rirjectory assigns
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a scalar reward r; to each response, resulting in a reward set
{r1,ra,...,rc}. To assess the quality of each response rel-
ative to others, we normalize the rewards by computing the
mean and standard deviation:

; —mean({ry,...,rg})
std({ri,---,rq})

where A; denotes the advantage of the i-th response. These
advantages are then used to update the policy, increasing
the likelihood of high-quality responses while suppress-
ing lower-quality ones. To ensure stability during train-
ing, the update is constrained by minimizing the KL diver-
gence between the updated policy and a reference model:
KL [mg(0lq) || meer(0lg)]-

A =" (6)

Experiment
Baselines

To establish strong performance benchmarks, we include
a diverse suite of baseline models from both few-shot and
supervised fine-tuning paradigms. Specifically, we evalu-
ate three of the most recent, high-performing open-source
vision-language model series: Gemma-3-4B-it, Gemma-
3-12B-it, Gemma-3-27B-it (Team et al. 2025a), Phi-4-
Multimodal-Instruct (Abouelenin et al. 2025), and the
Qwen2.5-VL family (3B/7B/32B) (Team 2024). These mod-
els represent state-of-the-art instruction-tuned LVLMs with
general visuomotor reasoning capabilities. To test their zero-
shot and few-shot reasoning potential, we implemented
structured few-shot prompting and ensured visual instruc-
tion coverage in the input demonstrations.

To validate the effectiveness of our reinforcement learn-
ing framework with verifiable rewards, we also compare
against a range of fully supervised models. These in-



Method In-Domain

Acc.t IoUT | Acc.t DFD] HDJ| RMSE| Avgl

Open-source Models
Phi-4-multimodal-Instruct 0 0.58 0.06 24392 22473 189.27 228.21
Gemma-3-4b-it 0 0.91 0.05  266.62 243.19 21048  240.10
Gemma-3-27b-it 0 1.32 0.07 257.42  230.29 184.47 224.00
Gemma-3-12b-it 0 1.18 0.09  206.72 190.64 15496  184.10
Qwen2.5-VL-3B-Instruct 0 6.15 0.12 202.86 179.12 144.14 175.37
Qwen2.5-VL-7B-Instruct 0 2.98 0.12  262.80 243.03 190.81  232.21
Qwen2.5-VL-32B-Instruct 0 7.40 0.27 125.54 113.00 85.05 107.86
LLARVA 0 3.95 0.16 190.12 175.64 136.78  167.51
VILA1.5-13B 0 5.15 0.18 174.87 160.88 141.56 159.10

Supervised Fine-Tuning

LLaVA-1.6-7B 0 3.98 0.15 18440 178.00  133.28 165.23
InternVL2-2B 0 6.74 0.11 250.20 239.34 19474  228.09
Qwen2.5-VL-3B-Instruct | 0.03 12.69 0.20 147.38  138.90 94.03 126.77
RoboBrain-7B 0.02 11.79 0.23 156.10 136.52  106.71 133.11

Our Proposed Model
ManipLVM-R1-3B 0.21 31.0 0.28 134.18 111.14 87.28 110.87

Table 1: Comparison of model performance on the In-Domain dataset. Bolded values indicate best performance, and underlined

values indicate second best. Task-specific metrics are color-coded:

Prediction.

clude InternVL2-2B (Chen et al. 2024), Qwen2.5-VL-3B-
Instruct (Team 2024), LLaVA-1.6-7B (Liu et al. 2024b),
and RoboBrain-7B (Ji et al. 2025c). Among them, Robo-
Brain was explicitly designed for affordance and trajectory
tasks, fine-tuned from LLaVA-1.6-7B using a large-scale
synthetic chain-of-thought (CoT) dataset tailored for em-
bodied manipulation. In contrast, our method, ManipLVM-
R1, achieves competitive or superior performance using
only 50% of the training data, highlighting its efficiency and
generalization capabilities under limited supervision.

Dataset Setting

In-Domain Dataset All baseline and proposed models are
trained on the ShareRobot (Ji et al. 2025c) dataset, a large-
scale resource curated from Open X-Embodiment (O’Neill
et al. 2024). It is tailored for fine-grained robotic manipu-
lation tasks including affordance perception and trajectory
generation. The dataset includes over 1 million planning
QA pairs, 6.5k images with dense affordance annotations,
and 6.8k trajectory-labeled frames spanning 102 real-world
scenes and 12 robotic embodiments. Rich multimodal su-
pervision provides an ideal testbed for learning spatial and
temporal reasoning. Importantly, all SFT baselines use the
full training set, while ManipLVM-R1 trains on only 50%
of the data, demonstrating strong sample efficiency.

Out-of-Domain Dataset To evaluate the robustness and
generalization of our model, we conduct extensive out-of-
domain (OOD) testing. For affordance perception, we select
four semantic categories (grasp, cut, pound, scoop) from the
UMD Part Affordance dataset (Nguyen et al. 2017). This
dataset provides RGB-D images and 3D object point clouds
covering 105 common tools across household and industrial
contexts. We randomly sample 1200 test images from the
four categories with equal distribution, ensuring diverse cov-
erage in geometry and affordance semantics.

for Affordance Perception and for Trajectory

For trajectory prediction, we use a subset of 500 exam-
ples from the validation split of VAIT (Niu et al. 2024), de-
rived from the Open X-Embodiment corpus. VAIT consists
of image-trajectory pairs capturing a broad distribution of
robot behaviors and environments. However, as it is auto-
matically mined, it contains noisy or misaligned trajectory
labels. To address this, we visualize all selected examples
and apply manual verification and correction of annotations
where necessary, ensuring that the OOD evaluation remains
clean and reliable. This careful curation enables precise as-
sessment of model performance under distribution shift and
perceptual uncertainty.

Metric Setting

Affordance Perception: We report task success rate as the
primary evaluation metric, where a prediction is consid-
ered successful if the Intersection over Union (IoU) with
the ground truth exceeds 50%. This threshold-based crite-
rion reflects whether the model can accurately localize the
functional region relevant to the task. In addition, we include
mean [oU as an auxiliary metric to capture the average spa-
tial alignment quality, which provides finer-grained insight
into partial matches and near misses.

Trajectory Prediction: Success is defined as the final pre-
dicted waypoint falling within a 20-pixel Euclidean dis-
tance of the ground truth endpoint, reflecting whether the
action can reach the intended goal. To capture global tra-
jectory similarity and path consistency, we also report
three alignment metrics—Discrete Fréchet Distance (DFD),
Hausdorff Distance (HD), and Root Mean Square Error
(RMSE)—following (Chao et al. 2021; Wang et al. 2024a;
Ji et al. 2025¢). DFD measures overall shape resemblance
and temporal coherence, HD identifies the worst-case devia-
tion between two trajectories, and RMSE quantifies average
pointwise error. Together, these metrics provide a compre-
hensive view of the model’s spatial and temporal accuracy
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Out-of-Domain
Method UMD Affordance VAIT Trajectory

Acc.T Grasp-IoU1 Cut-IoU? Pound-IoU{ Scoop-IoUt | Acc.t DFDJ HD|, RMSE| Avg|

Open-source Models
Phi-4-multimodal-Instruct 0 1.49 2.53 2.44 222 0.07  240.18 23544  202.69 226.10
Gemma-3-4b-it 0 2.29 7.04 2.24 2.26 0.05 29548 28941 23221 27231
Gemma-3-12b-it | 0.02 4.14 5.25 4.36 4.66 0.16 20494 200.89 17542 193.75
Gemma-3-27b-it | 0.07 10.29 2.08 6.27 4.05 0.07 273.86 268.63 209.52  250.67
Qwen2.5-VL-3B-Instruct | 0.14 22.48 24.50 22.77 26.09 0.11  211.80 205.04 140.69 185.84
Qwen2.5-VL-7B-Instruct | 0.13 18.64 14.19 10.07 12.31 0.10  228.04 22292 17094 207.30
Qwen2.5-VL-32B-Instruct | 0.17 24.67 25.84 24.04 25.99 0.12 18273 176.51 133.17 164.14
LLARVA | 0.16 15.12 13.77 10.07 12.31 0.13  203.24 198.24 16424 178.44
VILA1.5-13B | 0.14 19.82 16.35 14.79 17.44 0.18 19434 18522 15390 167.18

Supervised Fine-Tuning

LLaVA-1.6-7B | 0.02 3.89 6.34 6.05 7.31 0.15 170.88 167.10  160.79  166.25
Qwen2.5-VL-3B-Instruct | 0.04 7.39 7.11 7.50 7.81 0.14 18648 18495 16692 179.45
InternVL2-2B | 0.10 13.93 11.52 15.06 20.48 0.22 16598 160.87 145.64 157.50
RoboBrain-7B | 0.16 23.86 25.37 12.75 26.35 0.15 22094 214.14 173.02  202.70

Our Proposed Model
ManipLVM-R1-3B | 0.24 34.65 25.58 23.50 28.27 | 024 146.82 140.52 108.64 131.99

Table 2: Comparison of model performance on the out-of-domain (OOD) dataset. Bolded values indicate the best performance,
and underlined values indicate the second best. Task success rate is used as the primary evaluation metric. [oU and trajectory

alignment scores are reported as auxiliary metrics for affordance perception and trajectory prediction, respectively.

lights correspond to the Affordance Perception task, while

in trajectory generation, which is critical for ensuring both
effectiveness and safety in downstream execution.

Quantitative Analysis

We evaluate the performance of ManipLVM-R1-3B on both
affordance perception and trajectory prediction tasks under
in-domain and OOD settings.

In the in-domain experiment, our model achieves an IoU
of 31.0 on the affordance task, substantially outperform-
ing all baselines, including the much larger RoboBrain-7B
(11.79), despite using only 50% of the training data. This un-
derscores the effectiveness of our structured reward design
in generating spatially grounded and semantically meaning-
ful predictions under limited supervision, validating our mo-
tivation to align learning signals directly with task utility.

For trajectory prediction, ManipLVM-R1 also demon-
strates strong performance, with an average endpoint error
of 110.87 which comparable to fully supervised, larger mod-
els indicating that our reward formulation captures core re-
quirements for physical feasibility and goal-directed plausi-
bility, as intended.

In the OOD experiment, ManipLVM-R1 continues to ex-
hibit robust generalization. It achieves the highest Grasp-
IoU (34.65) and competitive results across other UMD sub-
tasks. More notably, it obtains the lowest average trajectory
error (131.99) on the VAIT benchmark, outperforming all
open-source and fine-tuned models, including Qwen2.5-VL-
32B-Instruct and RoboBrain-7B.

These results collectively demonstrate ManipLVM-R1’s
ability to generalize under distribution shifts while consis-
tently maintaining high task accuracy across both affordance
perception and trajectory prediction domains.

high-

highlights represent the Trajectory Prediction task.
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Qualitative Analysis

To qualitatively assess the capabilities of ManipLVM-R1,
we present visual examples of its performance in affordance
perception and trajectory prediction across both spatial and
temporal reasoning tasks. To highlight the model’s real-
world applicability, Figure 3 showcases its responses to two
natural language commands: “Move the corn next to the blue
toy” and “Wipe the table with yellow towel,” demonstrating
its ability to bridge high-level language and low-level visuo-
motor execution.

Beyond task completion, we analyze ManipLVM-R1’s
internal reasoning process. As shown in Figure 3, certain
cases demonstrate “aha moments” where the model exhibits
emergent multi-step reasoning—without explicit chain-of-
thought supervision. In one scenario, the model is instructed
to insert a round object into its slot. It implicitly infers the
need to match shape and color, then identifies the corre-
sponding target location, suggesting latent planning and vi-
sual grounding. These examples highlight the potential of
verifiable rewards to elicit structured reasoning in vision-
language agents trained without costly manual annotations.
The reasoning traces also serve as interpretable evidence of
the model’s decision path.

We also present failure analysis in Figure 3, which re-
veals key limitations in the model’s perceptual and common-
sense reasoning capabilities. One error arises from a com-
monsense gap: the model fails to associate a doorknob with
interactivity and instead focuses on the keyhole, generating
the flawed inference that “approaching the keyhole opens
the door.” This points to a limitation in embodied knowl-
edge grounding, particularly for infrequent object-function
associations. Another failure stems from spatial mispercep-
tion: the model misidentifies the gripper’s location relative
to the stove, causing a trajectory prediction that violates the
task’s spatial constraints. These cases suggest that despite



Reasoning

<think> The task requires inserting
round object into its corresponding
slot on the blue block. To achieve
this, I need to identify an affordance
area where the round object can be
placed. Given that the round object
is green and the block has circular
shapcs,@it‘s likely that the round
object fits into one of these circular

I_EEI

[z=] Instruction slots. </think>
<answer>[153, 46, 167, 60]
Insert round object </answer>
into its slot
B, Affordance
Reasoning w Perception

<think>I need to determine the most
likely location for the end effector to
open the door. Given the door has a
lock, it's logical to assume that the end
effector would be positioned near the
lock mechanism. €) This would allow
the robot to apply force or pressure to
the lock, potentially unlocking the
door. </think>

[E5)  Instruction
Insert brown object <answer>[534, 329, 567, 361]
into its slot </answer>

I_E.E_I

Reasoning

<think>To lift the yellow cup, I need to
identify its position on the plate and
then determine the path that will
allow me to move it. The cup is located
towards the center of the platc,@ so
Il start by moving towards the cup
and then lift it up. </think>

<answer> [105, 46], [108, 59], [111,

72] </answer>

<think>To reach for the spatula in the
sink, I need to move from the current
position near the stove to the sink
area. The spatula is located on the
right side of the sink, so I'll need to
move diagonally across the counter
towards the sink. Once there, I can
then move directly towards the
spatula to grasp it. </think>
<answer> [179, 248], [356, 290],
[492, 320], [530, 330], [530, 330],
[530, 330], [530, 330], [530, 330]
</answer>

Instruction

Lift the yellow cup Traiect
rajectory

Reasoning Prediction

Instruction

Reach for the spatula
in the sink

Figure 3: Case studies highlight both successful “aha moments” and failure cases in ManipLVM-R1°s predictions. Final answers
appear in <answer> tags, with predictions or ground truth shown as green boxes and green points. Reasoning is displayed
within <think> tags, where green text indicates correct steps and red text highlights errors.

strong performance on structured tasks, ManipLVM-R1 still
lacks self-verification mechanisms and is vulnerable to com-
pounding perceptual errors during inference.

Overall, these qualitative results underscore both the
strengths and current limitations of reward-driven manip-
ulation learning. They affirm that verifiable structured re-
wards can promote latent spatial reasoning and goal align-
ment, enabling the agent to make efficient and accurate de-
cisions in well-defined tasks. However, these results also
highlight the challenges faced when dealing with more com-
plex, uncertain, or noisy environments. There is a clear need
for enhanced introspection capabilities, such as integrating
common-sense knowledge bases, uncertainty modeling, or
spatial consistency checks, to ensure that the agent can ro-
bustly handle out-of-distribution or ambiguous inputs. Fur-
thermore, future advancements could focus on incorporating
adaptive feedback mechanisms to allow the model to better
adjust to unexpected changes in task dynamics, further im-
proving its performance in real-world applications.

Conclusion

We present ManipLVM-R1, a reinforcement learning frame-
work that replaces costly human supervision with verifi-
able, rule-based rewards for robotic manipulation. By in-
troducing task-aligned reward functions for affordance per-
ception and trajectory prediction, our method enhances sys-
tematic reasoning and generalization, particularly in out-of-
domain settings. Unlike prior annotation-heavy approaches,
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ManipLVM-R1 uses immediate structured feedback to guide
learning, enabling shorter inference paths, higher decision
efficiency, and improved robustness under limited supervi-
sion. Experiments show that ManipLVM-R1 reduces super-
vision costs while maintaining strong performance with only
50% of the training data, illustrating a scalable direction for
efficient robot learning.
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