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Abstract— Despite the recent advancements of vision-
language-action (VLA) models on a variety of robotics tasks,
they suffer from critical issues such as poor generalizability
to unseen tasks, due to their reliance on behavior cloning
exclusively from successful rollouts. Furthermore, they are typi-
cally fine-tuned to replicate demonstrations collected by experts
under different settings, thus introducing distribution bias and
limiting their adaptability to diverse manipulation objectives,
such as efficiency, safety, and task completion. To bridge this
gap, we introduce GRAPE: Generalizing Robot Policy via
Preference Alignment. Specifically, GRAPE aligns VLAs on
a trajectory level and implicitly models reward from both
successful and failure trials to boost generalizability to diverse
tasks. Moreover, GRAPE breaks down complex manipulation
tasks to independent stages and automatically guides preference
modeling through customized spatiotemporal constraints with
keypoints proposed by a large vision-language model. Notably,
these constraints are flexible and can be customized to align the
model with varying objectives, such as safety, efficiency, or task
success. We evaluate GRAPE across a diverse array of tasks
in both real-world and simulated environments. Experimental
results demonstrate that GRAPE enhances the performance
of state-of-the-art VLA models, increasing success rates on in-
domain and unseen manipulation tasks by 51.79% and 58.20%,
respectively. Additionally, GRAPE can be aligned with various
objectives, such as safety and efficiency, reducing collision rates
by 37.44% and rollout step-length by 11.15%, respectively.

I. INTRODUCTION
The recent rapid proliferation of vision-language-action

(VLA) models has streamlined general robotic manipulation
tasks, demonstrating impressive capability across a range of
tasks under controlled environmental variations [4], [6], [20],
[34]. However, these models face several critical challenges
such as poor generalizability across new environments, ob-
jects, tasks, and semantic contexts [20]. A significant factor
contributing to this limitation is their reliance on supervised
fine-tuning (SFT), where VLAs simply imitate actions from
successful rollouts via behavior cloning while not developing
a holistic understanding of the task goal or potential failure
patterns [21]. While reinforcement learning (RL) algorithms
such as PPO [32] have proved promising in enhancing their
generalizability [41], the high cost of gathering sufficient
online trajectories and explicitly defining reward make them
impractical for training VLA [34].

Furthermore, training VLAs to solely replicate expert
behaviors often results in behavior collapse [22] where
the planned trajectories are often suboptimal [20]. This is
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Fig. 1: Comparison of GRAPE with SOTA VLA models
fine-tuned on the same data across a large variety of general-
ization and in-domain tasks in both real-world and simulated
environments.

because the SFT datasets are usually uncurated and consist
of offline demonstrations collected from experts that em-
bed implicitly different values (e.g. task completion, safety,
and cost-efficiency) that are not clearly defined within the
data [29], [35]. Simply imitating these behaviors via SFT
can potentially confuse the model and result in suboptimal
trajectories that deviate from the actual objective of the
demonstrations. Some approaches attempt to address this
challenge by explicitly defining a set of objectives and solv-
ing them hierarchically [19]. However, this approach incurs
additional inference overhead and lacks scalability [24].

To address these issues, we propose GRAPE:
Generalizing Robot Policy via Preference Alignment
to alleviate the high cost of training VLAs with RL
objective, while offering flexibility for aligning towards
customized manipulation objectives. As shown in Fig. 2,
GRAPE introduces trajectory-wise preference optimization
(TPO) to align VLA policies on a trajectory level by
implicitly modeling reward from both successful and failure
trials, boosting generalizability to diverse tasks. To further
alleviate the difficulty in ranking trajectories and providing
preferences towards arbitrary alignment objectives, GRAPE
proposes to decompose the complex manipulation tasks into
multiple independent stages and adopt a large vision model
to propose keypoints for each stage, each associated with
a spatial-temporal constraint. Notably, these constraints are
flexible and can be customized to align the model with
varying manipulation objectives, such as task completion,
robot-interaction safety, and cost-efficiency. We evaluate
GRAPE across a wide range of real-world tasks and
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Fig. 2: Overview of GRAPE. GRAPE first uses a VLM to decompose a manipulation task (top) into temporal stages
and identify key spatial points for each subtask. Given user-specified alignment goals, it prompts a VLM to generate cost
functions for each stage. During iterative preference optimization (bottom), offline trajectories are sampled from the base
VLA model, scored using multi-stage cost, self-evaluation and task success indicators, and ranked to form preferences.
GRAPE then optimizes the VLA models iteratively until convergence.

two simulated environments. Experimental results show
that GRAPE outperforms state-of-the-art VLA models,
improving success rates on both in-domain and unseen
manipulation tasks by 51.79% and 58.20%, respectively.
Moreover, GRAPE can be aligned to diverse objectives
such as safety and efficiency, to further reduce collision rate
by 37.44% and rollout step-length by 11.15%, respectively.

II. GENERALIZING ROBOT POLICY VIA PREFERENCE
ALIGNMENT

A. Preliminaries
During inference, a VLA typically initializes with an task

instruction q, and at each timestep t, it takes an environment
observation ot (usually an image) and outputs an action at,
where we can denote πθ(ai|(oi, q)) as the action policy of
a VLA parameterized by θ. To complete the task, VLA
iteratively interacts with the environment and obtains a
trajectory ζ = {o1, a1, · · · , oT , aT |q} of length T . Typically,
VLAs are fine-tuned to imitate expert behaviors via SFT:

LSFT = −
∑

(ζ,q)∈D

T∑
t=1

log p(at|ot, q;πθ), (1)

where D = {(ζ1, q1), . . . , (ζN , qN )} denotes the training
set containing N expert trajectories. Specifically, LSFT en-
forces VLA to memorize the action associated with each
observation sampled from a distribution PD, resulting in
poor generalizability to new task settings. It is worth to
note that while we follow [6], [29] and consider the step-
wise policy based on the Markov decision process (MDP)
assumption [33], our approach can be easily adapted to
both non-MDP case which takes past interaction histories

(usually a video or a series of images) as state [8] and
diffusion policy [15] which generates multiple future steps
all at once [34].
B. TPO: Trajectory-wise Preference Optimization

To improve generalization, we follow [3], [32] and further
fine-tune VLA policies via RL objective. Let rϕ denote a
reward function parameterized by ϕ, we have

max
πθ

Eζ∼πθ [rϕ(ζ)]− βDKL [πθ(ζ) ∥ πref(ζ)] , (2)

where β controls the deviation from the base reference
policy πref trained via SFT in Eq. (1) and π(ζ, q) is the
likelihood of policy π generating the entire trajectory ζ under
instruction q. Then we follow [31] and derive the analytical
reparameterization of the trajectory reward r(ζ) as:

r(ζ, q) = β log
πθ(ζ | q)
πref(ζ | q) + β logZ(ζ). (3)

Similar to [31], we adopt the Bradley-Terry (BT) [5] model
and model rϕ from a set of trajectories ranked with pref-
erences. Specifically, let ζw and ζl denotes the chosen and
rejected trajectory starting from the same initial state, we can
formulate the trajectory-wise reward modeling objective as:

P (ζw ≻ ζl) =
exp (r(ζw), q)

exp (r(ζw), q) + exp (r(ζl), q)
. (4)

Then, we follow [31] and substitute Eq. (3) into Eq. (4) and
obtain the following trajectory-wise preference optimization
(TPO) loss LTPO equivalent to Eq. (2):

LTPO = −E(ζw,ζl)∼D

[
log σ

(
β

(
log

πθ(ζw)

πref(ζw)
− log

πθ(ζl)

πref(ζl)

))]
,

(5)
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where we can further draw from MDP and decompose the
likelihood of a trajectory ζ into individual state-action pairs,
i.e., π(ζ, q) =

∏T
i=1 π(ai | (oi, q)) and further obtain

log
πθ(ζ, q)

πref(ζ, q)
=

T∑
t=1

log
πθ(ai | (oi, q))
πref(ai | (oi, q))

. (6)

Then we can substitute Eq. (6) into Eq. (5) to obtain the
TPO loss LTPO in terms of step-wise state-action pairs. Our
TPO loss Eq. (6) is beneficial as it: (1) aligns policy πθ

globally towards human preferences on a trajectory level
while simply using step-wise rollouts collected by VLAs;
(2) it stabilizes the policy and steers it towards the final goal
by backpropagating the gradients throughout all the state-
action pairs along the trajectory; (3) it significantly boosts
generalizability by learning from both successful and failed
trajectories via a RL objective. Although [18] indicates that
expanding the size of the sampled trajectory can reduce the
bias in reward modeling, it also increases the training costs.
Thus while our method can be easily scaled up, we keep our
discussion to the binary case where only one chosen/rejected
trajectory is present.
C. Guided-Cost Preference Generation

While given the TPO objective Eq. (5) we can align the
policy towards arbitrary objectives defined through trajecto-
ries ranked by the corresponding preference, it incurs high
costs as it requires human expertise and lengthy manual
annotation. Thus to better scale up the preference synthesis
towards arbitrary alignment objectives (e.g. task completion,
safety, efficiency), we propose Guided-Cost Preference Gen-
eration (GCPG) to automatically curate such preferences that
integrate different alignment objectives.

1) Multi-Stage Temporal Keypoint Constraints
Building on insights from [19], we address the complexity

of specifying precise trajectory preferences for complex
manipulation tasks by decomposing trajectories into temporal
stages and assigning costs to quantify performance at each
stage. Then, we aggregate these stage-specific costs to obtain
a holistic evaluation for each trajectory. Specifically, we
adopt a VLM-based stage decomposer MD, to partition
a trajectory ζ into a sequence of S consecutive stages,
formulated as

{ζ1, . . . , ζS} = MD(ζ, q), ζi = {(oit, ai
t)}Ti

t=1, (7)

where ζi represents the ith stage of trajectory ζ.
After obtaining the stage decomposition, we further em-

ploy a vision-language model (e.g. DINOv2 [30]) to identify
keypoints that serve as reference metrics across each stage.
Then we prompt a powerful LLM [1] to propose cost
functions for each stage that corresponds with the align-
ment objective, where lower cost indicates better objective
compliance. Specifically, the cost CSi({κSi

}) at stage Si is
calculated using its corresponding keypoints {κSi

}.
Then to aggregate the costs for the entire trajectory, instead

of summing each stage linearly, we apply an exponential
decay to capture the casual dependencies of each temporal
stage (e.g. if a trajectory incurs high costs in preceding stages

it is not expected to perform well subsequently), defined as
the external reward:

Rext(ζ) =

S∏
i=1

e−CSi ({κSi
}) (8)

where Eq. (8) aggregates the individual costs and sub-
objectives from each stage to tackle the curse of dimension-
ality and effectively adhere to the customized alignment.

2) Guided-Cost Preference Generation
To further improve the stability and optimality of

the preference synthesis, we draw inspirations from self-
rewarding [43] and determine that a more optimal trajectory
should be confirmed by both the external judge (as in Eq. (8))
and the model itself. Thus we incorporate two additional
rewards and obtain the GCPG reward:

RGCPG(ζ) = λ1Rself(ζ) + λ2Rext(ζ) + λ3Isuccess(ζ) (9)

where Rself(ζ) is the self-evaluated score provided by π,
which equals the log-likelihood of generating trajectory ζ:

Rself(ζ) = log(π(ζ, q)) = log(

T∏
i=1

π(ai | (oi, q))) (10)

and Isuccess(ζ) is a binary indicator function that indicates
whether the trajectory ζ successfully completes the task:

Isuccess(ζ) =

{
1, if ζ is successful,
0, otherwise.

(11)

where λ are the weight parameters that adjust the importance
of each reward. Intuitively, Eq. (10) can be seen as a dense
approximation of the sparse signal provided by Eq. (11),
which are further calibrated by Eq. (8) to obtain a holistic
evaluation of the trajectory that accounts for both its opti-
mality and degree of alignment to a customized objective
specified through the external reward in Eq. (8).
D. Iterative Preference Optimization

After generating the preference, we then discuss our
iterative preference optimization strategy. Inspired by the
practices of on-policy RL [32] which often yield more
optimal policy than off-policy training, we iteratively fine-
tune the SFT VLA model via TPO with trajectories collected
online. For example, during the kth iteration, we (1) first
sample numerous trajectories for a variety of tasks and
obtain Dk; (2) then we calculate the costs for each trajectory
using Eq. (9) and rank these trajectories accordingly per task;
(3) we pair the top-m and bottom-m trajectories with each
other for each task, and obtain m2 chosen-rejected trajectory
pairs; (4) then we fine-tune the same sampling policy with
TPO via Eq. (5) and obtain an updated policy. We iterate
this process for K times and obtain the final model aligned
with the target objective.

III. EXPERIMENT
In this section, we evaluate GRAPE’s performance in

both real and simulated environments, addressing four key
questions: (1) Does GRAPE improve VLA’s performance
relative to SFT-based baseline models? (2) How effective are
guided-cost preference selection and iterative preference op-
timization in enhancing the model’s performance? (3) What
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Algorithm 1 GRAPE Iterative Preference Optimization

Require: Base VLA policy πθ, a collection of task instruc-
tions Q = {qi}, stage decomposer MD, max iterations
K, reward weights {λ1, λ2, λ3}, stage-wise keypoints
{κSi} cost functions {CSi

j } and thresholds {τSi
j }

Ensure: policy π∗ aligned towards customized objective
1: for k = 1, . . . ,K do
2: Sample trajectories Dk = {ζi}Mi=1 using πθ with Q
3: for trajectory ζ ∈ Dk do
4: Decompose ζ into multiple stages S ▷ Eq. (7)
5: Compute the cost for each stage CSi

6: Calculate external reward Rext(ζ) ▷ Eq. (8)
7: Compute policy self-reward Rself(ζ) ▷ Eq. (10)
8: Examine task success Isuccess(ζ) ▷ Eq. (11)
9: Aggregate GCPG reward RGCPG(ζ) ▷ Eq. (9)

10: end for
11: Rank Dk by their RGCPG(ζ) rewards
12: Pair {ζw, ζl} from top-m and bottom-m trajectories
13: Update πθ using TPO loss ▷ Eq. (5)
14: end for

is the individual contribution of each reward component
to overall model performance? (4) Can GRAPE support
flexible alignment with different alignment objectives?
A. Experimental Setups
Implementation Details. We employ OpenVLA [20] as
the backbone model, using LoRA fine-tuning with AdamW
optimizer for both supervised and preference fine-tuning.
In supervised fine-tuning stage, we use a learning rate of
4× 10−5 with a batch size of 16. In preference fine-tuning,
we apply learning rate of 2×10−5 with the same batch size.
Baseline Models. We first compare GRAPE with two
leading robot learning models known for their strong per-
formance in robot control tasks. The first model, Octo [34],
is a large transformer-based policy model. The second,
OpenVLA [20], is a 7B VLA model. Both models were
supervised fine-tuned using the same dataset sampled from
corresponding environments. We denote the supervised fine-
tuned models as Octo-SFT and OpenVLA-SFT, respectively.
In addition, we compare GRAPE, which utilizes TPO, with
the original step-wise direct preference optimization, denoted
as OpenVLA-DPO, which is directly trained to optimize
preferences defined at each step.
B. Evaluation in Simulation Environment
Evaluation Setup. Follow [20], we evaluate GRAPE’s
performance in two robot simulation environments: Simpler-
Env [23] and LIBERO [26]. In Simpler-Env, we evaluate the
model’s in-domain performance as well as its generalization
across three aspects: subject (generalize to unseen objects),
physical (generalize to unseen object sizes/shapes), and se-
mantic (generalize to unseen instructions) generalization. In
LIBERO, we test our model on four tasks: LIBERO-Spatial,
LIBERO-Object, LIBERO-Goal, and LIBERO-Long. All
tasks are in-domain tasks.
Results. We use the success rate across all tasks in Simple-
Env and LIBERO as our primary evaluation metric, while we

also record the grasping rate in Simpler-Env. The results of
Simple-Env and LIBERO are reported in Fig. 3 and Fig. 4,
respectively. According to the results, GRAPE outperforms
Octo-SFT and OpenVLA-SFT in Simpler-Env by an average
of 131.72% and 46.10%, respectively, and in LIBERO by
an average of 8.53% and 7.36%, respectively. This outcome
aligns with our expectations, as learning from preference
comparisons enhances alignment with trajectory completion,
thereby improving performance. Moreover, while GRAPE
significantly boosts in-domain performance, it also enhances
the generalizability of VLA policies on OOD tasks by
aligning task completion at the trajectory level. Furthermore,
GRAPE outperforms OpenVLA-DPO in both environments,
achieving an average improvement of 33.14%, demonstrating
the effectiveness of trajectory-wise preference optimization
due to learning from both success and failure from a global
trajectory level without low-level step-wise noises.
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Fig. 3: Comparison of GRAPE with OpenVLA and Octo
fine-tuned on the same data on the Simpler-Env environment.
We report the in-domain performance, which includes four
tasks and three generalization evaluations (subject, physical,
and semantic), where each incorporates multiple tasks.
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Fig. 4: Comparison of GRAPE with OpenVLA and Octo
fine-tuned on the same data on the LIBERO environment.
We report the performance on four types of LIBERO tasks.
C. Evaluation in Real-World Robot Environment
Evaluation Setup. We conducted 300 real-world experi-
ments across 30 tasks to evaluate the generalization capa-
bilities of GRAPE. The evaluation focus on in-distribution
evaluation and five out-of-distribution generalization types:
visual, subject, action, semantic, and language grounding
generalizations. Here, visual generalization assesses the abil-
ity to adapt to new visual environments; subject general-
ization evaluates the recognition and handling of unfamiliar
objects; action generalization measures performance across
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Fig. 5: Comparison of GRAPE with OpenVLA and Octo fine-tuned on the same data on the real-world environment. We
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semantic, and language grounding), incorporating multiple tasks. We report the average performance across all tasks.

Fig. 6: Performance of GRAPE during iterative preference optimization via TPO. We demonstrate the average success rate
for each iteration across in-domain tasks and three types of generation tasks (subject, physical, semantics).

TABLE I: Ablation study of reward score. Here, Random w/ Isuccess refers to randomly selecting one successful trajectory
as the chosen trajectory and one failed trajectory as the rejected trajectory, Rself(ζ) is the self-evaluated score provided
by the log-likelihood of generating trajectory ζ, Rext(ζ) represents objective-aligned multi-stage reward defined in Eq. (8),
Isuccess(ζ) is a binary indicator function that indicates whether the trajectory ζ successfully completes the task.

In-domain Subject Gen. Physical Gen. Semantics Gen. Average
Grasp Success Grasp Success Grasp Success Grasp Success Grasp Success

Random w/ Isuccess 62.00% 35.50% 60.33% 33.00% 44.00% 33.50% 54.50% 36.50% 55.21% 34.63%
w/o Rself(ζ) 66.50% 38.00% 62.33% 37.00% 51.25% 36.75% 68.00% 42.50% 62.02% 38.56%
w/o Rext(ζ) 63.50% 37.50% 61.00% 34.33% 48.50% 35.50% 62.50% 40.00% 58.88% 36.83%
w/o Isuccess 58.50% 32.00% 59.67% 34.67% 42.25% 31.75% 58.50% 39.00% 54.73% 34.36%

GRAPE 71.00% 43.00% 62.67% 40.67% 63.50% 41.75% 72.00% 47.00% 67.29% 43.11%

diverse actions; semantic generalization evaluates responses
to prompts with similar meanings; and language grounding
generalization gauges comprehension of spatial directions.

Results. In the real-world experiment, GRAPE significantly
outperforms other models across a variety of tasks. Notably,
in in-domain tasks, GRAPE achieves a success rate of
67.5%, which is a 17.5% improvement over OpenVLA-
DPO’s 50%, OpenVLA-SFT’s 45% and substantially higher
than Octo-SFT’s 20%. Additionally, in visual generaliza-
tion tasks, GRAPE demonstrates higher adaptability with
a success rate of 56%. In the more challenging action
generalization tasks, although OpenVLA-SFT shows mod-
est performance, GRAPE still outperforms OpenVLA-SFT,
indicating its potential in understanding various actions and
executing commands based on language. Considering tasks
across all categories, GRAPE’s total average success rate

is 50.3%, marking a 11% improvement over OpenVLA-
DPO’s 39.3%, OpenVLA-SFT’s 32.3% and significantly
ahead of Octo-SFT’s 5.7%. This performance highlights
(1) GRAPE’s effectiveness and adaptability in handling
complex and variable task environments and (2) validates
the effectiveness of trajectory-wise preference optimization
in learning from global success and failure patterns when
compared to OpenVLA-DPO.
D. Ablation Study of Reward Model

In this section, we conduct an ablation study to analyze
the contribution of each reward component in Eq. (9) to
the final performance: the external objective-aligned reward
Rext(ζ), the self-evaluated reward Rself(ζ), and the success
indicator Isuccess(ζ). Additionally, we perform a separate
ablation study to emphasize the importance of utilizing the
entire reward score for preference selection. This approach
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is compared against a method that randomly selects one
successful trajectory as the preferred trajectory and one
failed trajectory as the rejected trajectory. The results in the
Simpler-Env environment are reported in Table I.

The results indicate that: (1) incorporating the full reward
score Eq. (9) for preference ranking significantly enhances
performance compared to random selection based on suc-
cess alone; (2) all reward components contribute to model
performance. These findings align with our expectations.
Specifically, Rself(ζ) enhances the robustness of the GRAPE
by encouraging it to select trajectories with higher generation
probabilities. In parallel, Rext(ζ) guides the model toward
learning specific behaviors, such as safety and efficiency.
Finally, Isuccess(ζ) serves as a critical indicator, steering the
model to prioritize successful trajectories.
E. Analysis of Iterative Preference Optimization

In this section, we analyze the iterative preference opti-
mization performance. We conduct the experiments on the
Simpler-Env environment and report the results with respect
to the training iterations in Figure 6. Here, SFT means the
supervised fine-tuned OpenVLA model before preference
optimization. In our experiments, GRAPE achieves 17.5%,
9.0%, 15.0%, 21.0% improvements in in-domain perfor-
mance, subject generalization, physical generalization and
semantic generation, respectively. The findings suggest that
GRAPE progressively enhances model performance across
iterations, showcasing its ability to enhance the quality of
generated preference data and achieve better generalization.
Notably, the magnitude of improvement diminishes over
time, aligning with our expectations as the model approaches
convergence.
F. Analysis of Different Alignment Objectives

1) Quantitative Analysis
After demonstrating the effectiveness of GRAPE in im-

proving the generalization of the VLA model (measured by
success rate), we further investigate its potential to align the
model with flexible objectives, such as efficiency and safety.
Revisiting Eq. (8), we observe that adjusting the threshold
parameters can guide the model to prioritize specific objec-
tives by influencing trajectory preference selection. In this
study, we focus on two new alignment objectives: safety
and efficiency. Safety aims to minimize collisions between
the robot and objects, while efficiency seeks to reduce the
average number of steps required for the robot to complete a
task. To achieve these objectives, we set a lower threshold for
collision costs to emphasize safety and a lower threshold for
path costs to prioritize efficiency. These modified settings
are then applied to the original real-world and simulation
evaluations. We train models to align with the safety and
efficiency objectives, referring to these models as GRAPE-
Safety and GRAPE-Efficiency, respectively.

The results are reported in Table II, where we use
collision rates, step lengths, and success rates to evaluate
safety, efficiency and generalization capabilities, respectively.
According to Table II, the GRAPE-Safety and GRAPE-
Efficiency have better performance on collision rate and
step length respectively, meanwhile maintain a comparable

TABLE II: Results with respect to different objectives.
GRAPE-Safety, GRAPE-Efficiency, GRAPE-TC are mod-
els trained with safety, efficiency, task completion objectives,
respectively. Here, we use collision rate (CR), step length
(SL), success rate (SR) to evaluate the safety, efficiency and
task completion capabilities.

Method
Real-World Simulation

CR ↓ SL ↓ SR ↑ CR ↓ SL ↓ SR ↑

OpenVLA-SFT 53.33 142.32 34.61 66.50 72.68 27.50
GRAPE-Safety 29.84 146.11 54.31 46.00 74.49 37.00
GRAPE-Efficiency 58.45 125.79 51.67 57.50 64.92 38.50
GRAPE-TC 38.60 131.66 58.46 59.50 70.24 42.50

success rate, compared with OpenVLA-SFT. The results
indicate that GRAPE can be easily adapted to account for
flexible alignment objectives such as safety, efficiency by
adjusting the multi-stage cost functions accordingly, while
incurring minimal drop in task success rate.

2) Case Study
We further demonstrate a case study in Fig. 7 to analyze

GRAPE’s adaptability towards different alignment objec-
tives. Specifically, we consider a safety-critical pickup task
where an obstacle is placed between the object and the
target. Specifically, OpenVLA-SFT fails to complete the
task without preference alignment. However, we can see
that while GRAPE aligned towards task completion (on the
second-row of Fig. 7) can effectively pick up and place the
object, it also collides with the obstacle, due to the policy is
aligned to aggressively boost task success without explicitly
addressing safety concerns. On the contrary, GRAPE-safety
learns to avoid colliding with the obstacle while efficiently
completing the task. Both Table II and Fig. 7 indicates that by
simply tweaking the cost function, GRAPE can effectively
adapt to different objectives.

IV. RELATED WORKS
A. Vision-Language-Action Models

Previous robot learning works [12], [19], [24], [25], [27],
[28] typically take a hierarchical planning strategy. For
example, Code as Policies [25] and EmbodiedGPT [28] use
LLMs and VLMs to generate high-level action plans, then
rely on a low-level controller for local trajectories. However,
such models suffer from limited low-level skills and are
hard to generalize to everyday tasks. VLAs tend to scale
up low-level tasks by incorporating VLM as backbones and
directly generating actions within the model. They generally
achieve action planning via two mainstream approaches: (1)
Discretizing the action space [6], [20], as in OpenVLA [20],
preserves the autoregressive language decoding objective by
truncating actions into a small set of action tokens. However,
this introduces errors, leading some methods [4] to adopt
newer structures [42] that integrate diffusion heads for action
prediction, avoiding discretization. (2) Diffusion models [2],
[15], [40], such as Diffusion Policy [15], serve as the
action head, generating a sequence of future actions through
iterative denoising instead of stepwise action generation.
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OpenVLA-SFT 

Fig. 7: Comparison of GRAPE aligned via safety objective (GRAPE-Safety) with GRAPE aligned via task-completion
(GRAPE-TC) objective and OpenVLA-SFT. Specifically, we assess their performance on a safety-critical task with the
instruction: pick up the white box and place into the black pot.

While these models vary in structure, they are consis-
tently supervised-trained on successful rollouts via behavior
cloning, which can hardly be generalized to unseen manipu-
lation tasks. However, our GRAPE first aligns VLA policies
on a trajectory level via trial and error, effectively boosting
generalizability and customizability.
B. Reinforcement Learning and Preference Optimization

Reinforcement learning (RL) [16], [32], [45] plays a
pivotal role in the post-training of foundation models [10],
[11], [13], [14], [17], [39], which has been extensively
leveraged to align the pre-trained FMs to comply with human
values embedded through preference data. In the meantime,
RL has also shown tremendous success in training policies
for robotics tasks [9], [12], [37], [38], [44]. While it is
intuitively beneficial to post-align VLA via RL, few prior
works have reported such success, mainly due to that (1)
manipulation objectives are usually diverse and complex,
making the reward hard to define analytically [18]; (2)
while such reward can be modeled from human preferences,
annotating such preferences in robotics manipulation tasks
are usually lengthy [35]; (3) the imperfect numerical dif-
ferentiation of rewards usually leads RL algorithms such as
PPO to collapse [7]. However, various recent works [31],
[36] have successfully aligned the policy via RL without
explicit reward modeling. Inspired, GRAPE aligns the policy
by contrasting trajectories with each other, avoiding issues in
reward modeling. Besides, we introduce an automatic prefer-
ence synthesis pipeline that scales with diverse manipulation
tasks and adapts to different alignment objectives.

V. CONCLUSION

In this work, we addressed the critical challenges faced by
vision-language-action (VLA) models, including limited gen-
eralizability and adaptability to diverse manipulation objec-
tives. We proposed GRAPE, which aligns VLA policies on a
trajectory level. GRAPE enhances generalizability by learn-
ing from both successful and failed trials, offering flexibility
in aligning with objectives such as safety, efficiency, and
task success through customized spatiotemporal constraints.

Experimental results demonstrated significant improvements,
with GRAPE enhancing success rates on both in-domain and
unseen tasks while enabling flexible alignment on different
objectives. Moreover, we have demonstrated the potential of
GRAPE to align VLA with customized objectives, effectively
resulting in an improvement of lower collision rate and
average step lengths.
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