Proceedings of the Thirty-Sixth International Conference on Automated Planning and Scheduling (ICAPS 2026)

MO-VLA: Preference Adaptation for Vision-Language-Action Models via
Multi-Objective Reinforcement Learning

Yan Yang'?, Yaquan Wu

12 Mingxuan Jing'?

Hnstitute of Software, Chinese Academy of Sciences
2University of Chinese Academy of Sciences
Beijing, China
yangyan2025 @iscas.ac.cn, yuquan@iscas.ac.cn, jingmingxuan @iscas.ac.cn

Abstract

Vision-Language-Action (VLA) models trained with large-
scale behavior cloning (BC) have achieved substantial
progress in producing diverse and complex robotic behav-
iors, and have been widely deployed on robot manipulation,
human-robot cooperation, and autonomous driving tasks.
However, existing VLA models focus on generating com-
plex behaviors from generalized human instructions, at the
expense of capturing the critical preference and intent in-
formation regarding speed, smoothness, and safety conveyed
by users. To address this limitation, we propose MO-VLA,
a two-stage framework that integrates Multi-Objective Rein-
forcement Learning (MORL) into VLA training. Our frame-
work is designed to maintain the performance of the pre-
trained model while accelerating convergence when model-
ing user preferences. It operates in two stages. First, behav-
ioral cloning (BC) on large-scale demonstrations equips the
model with general operational skills. Subsequently, a multi-
objective reinforcement learning (MORL)-based fine-tuning
stage is used to adapt the policy to user-specific preferences.
Here, a Feature-wise Linear Modulation (FiLM) mechanism
is integrated into the action head to explicitly inject prefer-
ence signals into the policy generation process. Experimental
results on the Meta-World benchmark demonstrate that our
method achieves superior multi-objective performance while
maintaining a high task success rate. These results validate its
capability for preference-aware action generation for various
robotic tasks.

1 Introduction

One of the central objectives in general-purpose robotics
is to construct intelligent agents capable of comprehend-
ing human instructions and executing diverse tasks in com-
plex physical environments (Brohan et al. 2023; Driess et al.
2023). With the rapid advancement of embodied intelli-
gence, there is a growing expectation that robots will not
only follow explicit commands but also infer underlying
semantics and user intent, thereby making appropriate de-
cisions in dynamic and uncertain settings (Zitkovich et al.
2023; Ichter et al. 2022).

Recently, Vision-Language-Action (VLA) models have
made significant progress in this direction (Zitkovich et al.
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2023; Kim et al. 2024). By unifying visual perception, lan-
guage understanding, and action generation within a unified
multimodal framework, VLA models can execute complex
tasks across diverse environments using natural-language in-
structions. While these models demonstrate strong cross-
task generalization and compositional reasoning (Ghosh
et al. 2024; Black et al. 2024), their capabilities are typically
based on a single, implicit notion of “optimality” (Brohan
et al. 2023).

However, this assumption of a single notion of “opti-
mality” rarely holds in complex, real-world applications. In
practical manipulation tasks, user preferences are diverse
and dynamic, often requiring trade-offs among conflicting
objectives such as speed, smoothness, energy efficiency, and
safety. For instance, when handling fragile objects, a user
may prioritize stability over speed, whereas in time-critical
scenarios, efficiency may become the primary concern. Un-
fortunately, existing VLA models are typically trained to
produce a unimodal, stereotyped behavior pattern, leaving
them ill-equipped to adapt to user-specific preferences at in-
ference time. This limitation raises a core question: How can
we systematically introduce a preference decision mecha-
nism while retaining the powerful visual and linguistic gen-
eralization of VLA models, thereby enabling robots to adjust
their strategies in real time according to varying user trade-
offs?

Although recent works have attempted to incorporate hu-
man preferences into robot learning, their approaches of-
ten suffer from limitations in both efficiency and flexibility.
One mainstream approach employs Large Language Mod-
els (LLMs) or human feedback for reward-function design
and learning. Ma et al. (2024) leverages LLMs to automati-
cally synthesize reward functions, whereas Lee, Smith, and
Abbeel (2021) learns reward models from human rankings
of trajectories. However, these methods typically require re-
training the policy for each new preference, which is in-
compatible with the need for real-time adjustment of be-
havioral style during interaction. Another line of research
attempts to integrate preference learning directly into VLA
or multimodal control frameworks (Zhang et al. 2025; Hung
et al. 2025). Methods such as VTLA (Zhang et al. 2025)
and NORA-1.5 (Hung et al. 2025) fine-tune models us-
ing “preferred/dispreferred” trajectory pairs via Direct Pref-
erence Optimization (DPO) or world-model-based ranking



mechanisms. While these methods substantially improve
task efficiency and action safety, they fundamentally col-
lapse complex task attributes into a single scalar reward sig-
nal (Amodei et al. 2016). Consequently, the learned poli-
cies encode a fixed trade-off scheme (e.g., a preset ratio of
smoothness to speed). This design prevents the model from
performing flexible reasoning and control along the Pareto
front (Deb 2011) when facing unseen preference combina-
tions, which is the central goal of Multi-Objective Rein-
forcement Learning (MORL) (Roijers et al. 2014).

Only a limited number of studies have attempted explicit
preference-conditioned policy learning via MORL. Prompt-
able Behaviors (Hwang et al. 2024), for instance, concate-
nates preference vectors with state encodings to train a pol-
icy that adjusts behavior based on preference weights in nav-
igation tasks. However, this work is restricted to specific
domains with low-dimensional state inputs and is not inte-
grated with VLA architectures, thus lacking the generalist
vision-language understanding required for complex manip-
ulation tasks. At present, a unified framework that inherits
the robust task-processing capabilities of VLA models while
enabling fine-grained action-style control through explicit
multi-objective modeling is still lacking.

To bridge this gap, we propose a novel preference-aware
Vision-Language-Action model, termed MO-VLA. We for-
malize the robot control problem as a Multi-Objective
Markov Decision Process (MOMDP) (Roijers et al. 2014;
Hayes et al. 2022) to transcend the limitations of tra-
ditional scalar rewards by explicitly optimizing vector-
valued returns. Drawing inspiration from recent advances in
reinforcement-learning fine-tuning for VLA models (Guo
et al. 2025), we design a two-stage training pipeline that
first uses BC for pre-training and then applies MORL for
preference alignment. Within this pipeline, we introduce a
preference-injection mechanism based on Feature-wise Lin-
ear Modulation (FiLM) (Perez et al. 2018). Unlike simple
feature concatenation (Hwang et al. 2024), FiLM dynami-
cally modulates action generation via affine transformations
applied to intermediate feature channels (Perez et al. 2018).
This approach endows the robot with runtime controllabil-
ity, enabling it not only to comprehend semantic instructions
(e.g., “open the drawer”) but also to generate diverse trajec-
tories that realize different trade-offs among speed, smooth-
ness, and safety along the Pareto front. Given a preference
weight w at inference time, the policy can be steered to-
ward different points on this front. The code is available on
GitHub: (https://github.com/yangyan010119/MO-VLA).

The contributions of this paper are summarized as fol-
lows:

e Preference-aware VLA framework. To address
the challenge of preference-aware control in Vision-
Language-Action models, we are, to the best of our
knowledge, the first to integrate a Multi-Objective
Markov Decision Process (MOMDP) into a VLA frame-
work for robotic manipulation.

* FiLM-based multi-objective policy learning. We pro-
pose a two-stage pipeline that first performs BC pre-
training and then MORL fine-tuning. We further intro-
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duce a FiLM-based preference-injection mechanism, en-
abling the training of preference-aware policies without
modifying the pre-trained network backbone.

* Pareto-efficient manipulation with semantic ground-
ing. On the Meta-World benchmark, MO-VLA recovers
diverse Pareto-optimal behaviors and aligns more closely
with user-specified preferences than existing baselines,
while maintaining strong task success under natural-
language instructions.

2 Preliminaries

In this section, we formalize the multi-objective control
problem and introduce the fundamental concepts underly-
ing Vision-Language-Action (VLA) models and Feature-
wise Linear Modulation (FiLM), which serve as the building
blocks of our framework.

2.1 Multi-Objective Markov Decision Processes

We model robotic manipulation tasks with conflicting ob-
jectives as a Multi-Objective Markov Decision Process
(MOMDP) (Roijers et al. 2014). A MOMDP is defined as
the tuple M = (S, A, P,r,v), where S is the state space,
A is the action space, P(s¢4+1 | St,a:+) denotes the environ-
ment transition probability distribution, and v € [0,1) is the
discount factor.

Unlike standard MDPs with a scalar reward, the reward
functionr : S x 4 — RX returns a K -dimensional vector
of distinct objectives (Abels et al. 2019):

r(s,a) = [T(l)(s,a),...,T(K)(s,a)]T, (1

where each component r(*) corresponds to a specific task
metric (e.g., efficiency or smoothness). The goal is to maxi-
mize the expected cumulative discounted return vector J (7):
c R¥.

J(rn)=E,p lz Yr(se, az) 2)
t=0

To evaluate policy performance, we explicitly define the
vector-valued action-value function (vector Q-function)
Q™ : S x A — RX (Yang, Sun, and Narasimhan 2019)
as:

Qﬂ-(sa a) = E'n’,P

> y'r(se,ar) | s0 = s,a0 = a] NE)
t=0

Each component Q™ (*) (s, a) estimates the expected return
associated with the k-th objective.

2.2 Preferences and Pareto Optimality

Since objectives in an MOMDP are often conflicting, there
is typically no single policy that simultaneously maximizes
all dimensions of J(r). Instead, optimality depends on user
preferences, parameterized by a weight vector w € W,
where W is the (K — 1)-dimensional simplex:

W={weR"|w=>0 |w=1}. “)

The weight vector w represents the relative importance of
each objective. We adopt linear scalarization to map the vec-
tor reward to a scalar utility (Moffaert, Drugan, and Nowé



2013): 7 (s,a) = w ' r(s,a). Correspondingly, the scalar-
ized Q-value under preference w is given by the inner prod-
uct between the preference vector and the vector Q-function:

QL (s,a) = WTQ“(s,a). 5)

The objective is to learn a preference-conditioned policy
ﬂ(g|s,w) that maximizes the scalarized return Jy (7) =
w ' J(r) for any given w.

When the preference vector w varies, we characterize a
set of policies using Pareto dominance (Moffaert and Nowé
2014). A policy m; is said to Pareto-dominate o (denoted
71 = mo) if J®) (1) > J*)(my) for all k, and there exists
at least one k such that J*)(7r;) > J®) (7). The set of
all non-dominated policies constitutes the Pareto front. Our
goal is to learn a unified policy that approximates this front
by dynamically adapting to any w € VWV (Pirotta, Parisi, and
Restelli 2015).

2.3 Vision-Language-Action Models

Vision-Language-Action (VLA) models have significantly
advanced general-purpose robotic control (Brohan et al.
2023; Zitkovich et al. 2023). A VLA model typically com-
prises a Vision-Language Model (VLM) backbone and an
action head. Formally, given a high-dimensional visual ob-
servation o; and a natural-language instruction x, the model
generates an action a;:

(6)

Here, fy(-) denotes the VLM backbone parameterized by 6,
which fuses visual and linguistic inputs into a semantic em-
bedding z;. While standard VLA models generalize well,
they typically lack mechanisms to explicitly handle the di-
verse trade-offs modeled by MOMDP.

ar = m(ag | z¢), where z;= fg(os,x).

2.4 Feature-wise Linear Modulation

Feature-wise Linear Modulation (FiLM) (Perez et al. 2018)
is a general-purpose conditioning mechanism that modu-
lates neural-network computations via affine transforma-
tions. Given an intermediate feature vector h and a condi-
tioning input ¢, a FiLM layer computes:

FiLM(h | ¢) = é(c) ©® h + B(c), )

where 8(-) and (3() are learned functions mapping c to
scale and shift parameters, respectively, and ©® denotes the
element-wise product. In this work, we leverage FiLM to in-
ject the preference vector w into the policy, allowing the
VLA model to modulate its behavior while keeping pre-
trained representations intact.

3 Method

We propose MO-VLA, a unified framework that endows
general-purpose VLA models with the ability to adapt to
diverse user preferences. As illustrated in Figure 1, our
approach introduces a preference-conditioning mechanism
and trains the model using a two-stage pipeline: (1) BC
pre-training to acquire robust manipulation priors, and (2)
MORL fine-tuning to enable dynamic preference adapta-
tion (Rajeswaran et al. 2018).
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3.1 Setup and Overview

Based on the definitions in Sec. 2, we formalize the
robotic manipulation problem as a Multi-Objective MDP
(MOMDP).

* Rewards and Preferences: The environment provides a
vector reward ry, and user preferences are represented by
a weight vector w lying on the simplex W.

* Observations: Under partial observability, the policy re-
lies solely on high-dimensional visual observations o
and natural-language instructions x.

* Backbone: We utilize a pretrained vision-language
model (VLM) backbone fy (BLIP-2 (Li et al. 2023))
to map inputs (o;, x) to a semantic embedding z; =
fo(ot, x). To preserve visual-linguistic generalization, fy
is optimized via LoRA (Hu et al. 2022) during Stage I
and kept frozen during Stage II.

3.2 Architecture: Preference-Conditioned VLA
Policy

To address the multi-objective challenge, we construct a
preference-conditioned policy 7y (a; | z;, w). Unlike pre-
vious preference-conditioned policies (Abels et al. 2019;
Hwang et al. 2024), which simply concatenate preference
features with state features, we employ a cascaded FiLM
architecture (Perez et al. 2018) that preserves the original
MLP structure of 7, and thereby avoids disrupting the
pretrained network weights.

FiLM Modulation Mechanism. To effectively integrate
user preference w into the policy, we first project the raw
preference vector into a latent space. A shared preference
encoder ug, implemented as a two-layer MLP, transforms
w € R¥ to a higher-dimensional embedding e,, € R'28:

®)

Within each FILM modulation layer, two distinct linear
heads, gs and gg, project this shared embedding into
channel-wise scaling (8) and shifting (3) parameters:

ew = u€(W)

9

Cascaded Architecture. We integrate these modulation
modules into a cascaded multi-layer perceptron (MLP) that
serves as the action head. The network processes the input
features progressively through hidden layers with dimen-
sions d; = 512 and dy = 256. The data flow through the
actor head 74(-|z¢, w) is formally defined as:

O = 95y (ew)7 B = 9Bk (eW)'

hy = Lineary, (z), (10)
ho = do ® ho + Bo, (11)
h, = ReLU(hy), (12)
h; = Linearg, (hy), (13)
hy =6, ©hy + B, (14)
h = ReLU(h,), (15)
a; = tanh(Linearyy (h})). (16)
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Figure 1: The two-stage training pipeline of MO-VLA. Stage I (blue area): A preference-agnostic VLA policy pyor iS pre-
trained via behavior cloning on a multi-task expert demonstration dataset Dpc. Stage II (green area): The VLA backbone
is frozen, and the policy head is fine-tuned using an off-policy MORL algorithm. The agent interacts with the environment
to collect preference-conditioned trajectories in a replay buffer Dg;, which is used to update a FiLM-conditioned actor and

multi-objective critics.

Here, z; € R25%0 denotes the VLM feature. These modu-
lation layers apply preference-based affine transformations
at multiple abstraction levels, enabling fine-grained control
over the generated actions.

3.3 Training Pipeline

Stage I: Behavior Cloning Warm-up. The objective of
the first stage is to acquire a preference-agnostic policy prior
to Tprior that can perform tasks with basic competence. We
utilize a multi-task demonstration dataset Dgc and jointly
optimize the LoRA parameters 6 and the MLP head ¢ to
minimize the mean squared error (MSE) between predicted

and expert actions:

LBC(G’ d)O) = E(Ot,a:’at)NDBC “|7T¢0(f9(0t7 J,‘)) - at‘l%éll’n
To ensure a smooth transition to the next stage, we initialize
the MLP weights of the policy network by directly copying
them from the pretrained mpyi0r, and we initialize the FILM
parameters as an approximate identity mapping (i.e., § =~
1,8 = 0). This guarantees that the initial behavior of 74 in
Stage Il is identical to that of mpyior, preventing performance
collapse due to structural changes.

Stage II: Off-Policy MORL Fine-Tuning. In the second
stage, we freeze the visual backbone and fine-tune the pol-
icy using an off-policy MORL algorithm to approximate the
Pareto front. We employ twin vector-valued critics Q.;, and
Q..

UIJ’reference sampling. At the beginning of each train-
ing episode, we sample a preference vector w ~ p(w)
according to the multi-objective algorithm under consider-
ation. The transitions (z;, Wy, a;, r't, z;+1) are then stored in
a replay buffer.

Robust Multi-Objective Critic Learning. We employ
twin vector-valued critics Q, and Q.,, to estimate the ex-
pected return vector. To mitigate overestimation bias, we use
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a conservative target-selection mechanism based on the cur-
rent preference wy, similar to the clipped double Q-learning
used in TD3 (Fujimoto, van Hoof, and Meger 2018). Specif-
ically, when computing the TD target, we select the target
vector from the twin critics that yields the smaller scalarized
Q-value:

ye =re + (1 — di)Qj-,
where j* = arg min(w, Q}).
1€{1,2}

The critics are updated to minimize the vector Bellman er-
ror:

(18)

2
) = Z]E 1Qu, (ze, 8, wi) — yell3] . (19)
j=1

To further stabilize the fine-tuning process, we explicitly ad-
dress the learning dynamics. Off-policy reinforcement learn-
ing is prone to instability during the early stages of fine-
tuning, as the critics initially lack accurate value estimates.
Updating the actor against erroneous Q-values can precipi-
tate policy degradation, undermining the behaviors learned
during pre-training. To mitigate this, we implement a critic
warm-up schedule. During the initial Nyamup steps, the ac-
tor is updated at a very low frequency, allowing the critics to
prioritize learning accurate value estimates. After the warm-
up phase, the actor is updated at a standard delayed fre-
quency relative to the critics to accelerate optimization. This
schedule ensures that the value landscape stabilizes before
the policy begins aggressive optimization for specific pref-
erences.

Actor Update with Regularization. The actor aims to
maximize the expected scalarized return. We minimize the
following composite loss function:

Lactor(¢) =E [_W:qu (Zta T (Zta Wt)z Wt)] +a£BC—reg-
(20)

[fcritic (¢



To prevent catastrophic forgetting of the safe manipulation
manifold learned in Stage I, we incorporate a dynamic reg-
ularization term Lpc.ree. We regularize the outputs based
on the frozen prior policy, which serves as a general policy
incapable of handling preference information:

Lpcaes = E (|74 (20, we) — Tprior (20)[I5] . 21

The regularization weight « is linearly annealed from 1.0 to
0.1 over the course of training. The intuition is as follows:
early in training, we force the policy to adhere closely to ex-
pert demonstrations to ensure safety; as training progresses,
we gradually relax this constraint, allowing the agent to ex-
plore more freely to optimize for specific preference objec-
tives (Fujimoto and Gu 2021).

3.4 Language-to-Preference at Inference

During deployment, user intents are typically expressed as
holistic natural-language commands (e.g., “open the drawer
quickly”). To bridge the gap between high-level semantics
and numerical control, we employ a lightweight LLM-based
instruction parser (Yu et al. 2023). This module disentangles
the raw command into two distinct components: a standard
task instruction x (e.g., “open the drawer”) that is fed into
the VLM backbone for visual grounding, and a target prefer-
ence vector w that conditions the policy via the FiLM layers.
This mechanism ensures that user intent is effectively trans-
lated into both the semantic context and the specific behav-
ioral style required by our policy. In practice, we implement
this parser with a lightweight LLM-based module that maps
linguistic modifiers such as “quickly” or “carefully” into
normalized preference weights over efficiency and safety.

4 Experiments

In this section, we empirically evaluate MO-VLA on the
Meta-World benchmark to assess its effectiveness. We aim
to answer the following three research questions:

1. Multi-Objective Efficacy: Can MO-VLA effectively
approximate the Pareto front to accommodate diverse
user preferences while preserving the generalization ca-
pability of the pre-trained VLA backbone?

2. Architectural Superiority: Does our FiLM-based pref-
erence injection mechanism outperform standard feature
concatenation strategies used in prior work?

3. Algorithmic Robustness: How does our off-policy
MORL framework compare with standard on-policy
baselines on complex manipulation tasks?

4.1 Experimental Setup

Environment and Tasks. We evaluate our framework on
Meta-World (Yu et al. 2019), a standard benchmark for
multi-task robotic manipulation. Because the original envi-
ronment provides only scalar rewards based on task comple-
tion, it is insufficient for evaluating trade-offs among multi-
ple objectives. We therefore extend the environment into a
Multi-Objective Markov Decision Process (MOMDP) by
designing a bi-objective reward structure r [Tefts Tsafe] |
for the manipulation tasks:
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* Efficiency (rerr): Encourages rapid task completion. It
combines the sparse task-completion reward provided by
the environment with a negative time-step penalty.

» Safety (rsfe): Encourages stable and energy-efficient
motion. We formulate this objective such that higher re-
wards correspond to lower energy consumption (smaller
action norms) and smoother trajectories (reduced action
jerk).

The two-dimensional reward combines task-completion
progress and a per-step penalty for the efficiency objective,
while the safety objective encourages lower action energy
and smoother trajectories through an energy term and a jerk-
based smoothness term.

Implementation Details. We reuse the same BLIP-2 (3B)
backbone and two-stage training protocol described in
Sec. 3: in Stage II, the backbone (including the LoRA
adapters) is frozen, and only the FiLM-conditioned action
head and the multi-objective critics are optimized. Unless
otherwise specified, all RL experiments use a training bud-
get of 300,000 environment steps, AdamW with a learning
rate of 1 x 10~%, batch size 128, and a replay buffer of size
4 % 10°.

Evaluation Metrics. Following standard MORL evalua-
tion protocols, we employ three complementary metrics to
assess performance:

1. Hypervolume (HV): Measures the volume of the ob-
jective space dominated by the learned Pareto front with
respect to a reference point. It serves as the primary met-
ric for assessing both the convergence and diversity of the
learned multi-objective solutions (Zitzler et al. 2003).

2. Expected Utility (EU): Quantifies the average scalar-
ized return E, [w ' r| under the preference distribution,
reflecting the policy’s ability to align with user intent.

3. Success Rate (SR): Measures the percentage of success-
fully completed episodes, ensuring that preference align-
ment does not come at the cost of task failure.

4.2 Comparative Analysis of Preference Injection
in VLA

In this experiment, we validate the effectiveness of the MO-
VLA architecture by comparing our method with Prompt-
able Behaviors (Hwang et al. 2024), a representative frame-
work for preference-conditioned control. Although origi-
nally designed for navigation, Promptable employs a mecha-
nism in which preference vectors are concatenated with state
embeddings to modulate behavior. In addition, to demon-
strate the generality of our approach, we adopt two classi-
cal off-policy multi-objective reinforcement learning algo-
rithms, GPI-LS (Alegre et al. 2023) and CAPQL (Lu, Her-
man, and Yu 2023), as the main algorithms in the reinforce-
ment learning stage.

Baseline Adaptation. Direct comparison is challenging
due to domain differences. To ensure a fair comparison that
isolates the impact of the preference injection mechanism
and the learning algorithm, we reimplement Promptable on
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Figure 2: Comparative Performance on drawer—open. We compare MO-VLA (implemented with the GPI-LS and CAPQL
algorithms) with the adapted Promptable Behaviors baseline. MO-VLA achieves substantially higher Hypervolume and Ex-
pected Utility while maintaining a stable success rate, whereas the baseline method exhibits noticeably weaker performance.

the drawer-open task using the same frozen BLIP-2
backbone as our method, retain its original early concatena-
tion of the preference vector with visual features, and train
the policy with PPO under the same reward structure and
training horizon as our method.

Results and Analysis. As illustrated in Figure 2, MO-
VLA consistently outperforms the Promptable baseline
across all metrics. Across all evaluated preference settings,
both variants of our method (GPI-LS and CAPQL) converge
rapidly and achieve substantially higher Hypervolume and
Expected Utility, while also attaining consistently higher
success rates. In contrast, the Promptable baseline exhibits
much slower improvement in Hypervolume and Expected
Utility and converges to clearly inferior levels. Its success
rate is also noticeably lower, indicating that it struggles to
capture the desired preference trade-offs in this task.

In summary, these results demonstrate that, compared
with naive concatenation mechanisms and standard on-
policy fine-tuning, our FiLM-based MO-VLA architecture
exhibits clear advantages on multi-objective control tasks.

4.3 Multi-Objective Preference Alignment and
Trade-off Analysis

In this experiment, we investigate the core capability of MO-
VLA: dynamic adaptation to user preferences. We aim to
verify whether our policy can seamlessly transition between
conflicting behavioral modes (e.g., maximizing efficiency
vs. ensuring safety) in response to user input, in contrast to
single-objective baselines that are theoretically confined to
fixed behaviors.

Experimental Setup. We conduct evaluations on the
drawer-open task, using the bi-objective reward struc-
ture defined in Sec. 4.1: Efficiency (ref) and Safety (7gfe)-
We compare three paradigms:

* Pure BC (Prior): A static policy 7pior Obtained from
Stage I pre-training, serving as the initialization point.

* iRe-VLA (Single-Objective Baselines) (Guo et al.
2025): To provide a strong comparative baseline for
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Preference Alignment Analysis

200 - ® MO-VLA
o ° e BC pure
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Figure 3: Reference alignment analysis on drawer—open.
We evaluate the cumulative rewards for Efficiency and
Safety under five user preferences ranging from efficiency-
oriented to safety-oriented, where each point corresponds to
one of the preference settings described in the text.

single-objective performance, we follow the fine-tuning
protocol proposed in iRe-VLA. Because iRe-VLA is in-
herently designed for scalar rewards, we train two sepa-
rate and specialized agents under two extreme preference
settings:

— Efficiency policy: Fine-tuned using PPO solely on the
efficiency objective, i.e., the policy trained under the
“Rapidly” preference.

— Safety policy: Fine-tuned using PPO solely on the
safety objective, i.e., the policy trained under the “Pre-
cisely” preference.

Both variants use the same frozen VLM backbone and
action head architecture as ours, but lack the preference
injection module.

* MO-VLA (Ours): A single unified policy conditioned
on variable preferences.



Method Button-Press Window-Open Drawer-Open Hammer Drawer-Close Door-Open Faucet-Close Faucet-Open
SR Rank SR Rank SR Rank SR Rank SR Rank SR Rank SR Rank SR Rank
DrQ-v2 (Pixel RL) 0.15 4 0.79 3 0.30 4 045 4 093 1 0.12 4 0.83 3 1.00 1
BC Policy 0.60 3 0.70 4 0.60 3 060 3 055 4 065 3 060 4 0.80 4
iRe-VLA 1.00 1 0.84 2 0.84 2 0.80 2 0.89 2 084 1 090 2 0.92 3
MO-VLA (Ours) 1.00 1 0.89 1 0.88 1 08 1 0.81 3 079 2 0.6 1 1.00 1

Table 1: Task Success Rate Comparison on Meta-World Tasks. We compare the average success rates of MO-VLA with those
of the pixel-based DrQ-v2 RL baseline, the Pure BC prior, and the single-objective iRe-VLA baseline. Tasks are sorted by the
success rate of our method. MO-VLA achieves Rank 1 on most tasks, demonstrating superior robustness.

For evaluation, we define five linguistic instructions to span
a spectrum of preferences—“Rapidly”, “Swiftly”, “Bal-
anced”, “Carefully”, and ‘“Precisely”—and, for each algo-
rithm, we separately evaluate the bi-objective rewards of
the corresponding policies under these five input prefer-
ences. These linguistic preferences are converted into prefer-
ence weight vectors by a lightweight language-to-preference
parser that maps style-related expressions to normalized ef-
ficiency—safety trade-offs.

Results and Analysis. Figure 3 reports the efficiency and
safety returns under different preference instructions. We
observe that Pure BC and the two single-objective iRe-VLA
baselines exhibit only minor variations across the entire
preference range: Pure BC maintains moderate performance
on both objectives but largely ignores changes in the input
preferences; the efficiency policy consistently favors high
efficiency at the expense of safety, whereas the safety pol-
icy shows the opposite trend. In contrast, MO-VLA contin-
uously adjusts its behavior along the efficiency—safety spec-
trum as the instruction shifts from “Rapidly” to “Precisely”,
and its performance under these two extreme preferences
closely matches that of the corresponding single-objective
expert models. This indicates that MO-VLA captures the
continuous trade-off between efficiency and safety within a
single parameterized policy.

4.4 Task Success Rate and Policy Robustness
Analysis

Experimental Configuration.
consider the following methods:

Under a unified setup, we

e Pure BC (Prior): A static policy obtained via behavior
cloning on the Stage I offline demonstrations, serving as
a reference for pure imitation-learning performance.

¢ DrQ-v2 (Pixel RL Baseline): A strong model-free vi-
sual RL baseline trained from scratch with pixel observa-
tions on the same Meta-World tasks. We closely follow
the original DrQ-v2 implementation and hyperparameter
configuration, training directly from environment images
with the original scalar reward (binary success plus dense
shaping), without any preference conditioning or offline
demonstrations (Yarats et al. 2022). This baseline repre-
sents a high-performing, purely RL-based controller op-
timized solely for task completion under pixel observa-
tions.

* iRe-VLA: Following the iRe-VLA protocol (Guo et al.
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2025), we fine-tune the model with PPO using the orig-
inal scalar reward of the environment (binary success
plus dense shaping), without any preference condition-
ing. This provides a strong upper bound for single-task
performance optimized solely for task completion.

* MO-VLA (Ours): Our multi-objective, preference-
conditioned policy learning framework. To assess overall
reliability, we sample a diverse set of preference vectors
from p(w) and report the average task success rate across
these preferences.

To better approximate real-world robotic deployment, we
adopt stricter success criteria (e.g., tighter tolerance thresh-
olds on object placement and articulation) during Stage II
fine-tuning and evaluation for all RL-based methods.

Results and Analysis. Quantitative results in Table 1
demonstrate that MO-VLA consistently achieves strong task
performance across all evaluated scenarios. Across all eight
tasks, MO-VLA achieves a consistently and significantly
higher success rate than the Pure BC baseline, indicating
its ability to refine policies to meet high-precision require-
ments. Moreover, MO-VLA outperforms the expert base-
line iRe-VLA, which is optimized solely for scalar task re-
wards, and substantially surpasses the pixel-level reinforce-
ment learning baseline DrQ-v2. Given that MO-VLA not
only aligns closely with user preferences but also maintains
near-expert task success rates, these findings further high-
light the superiority and practical advantages of our pro-
posed framework.

4.5 Ablation Study and Component Analysis

To rigorously validate the necessity of each algorithmic
component within MO-VLA, we conduct a comprehensive
ablation study on the drawer-open task. We focus on
evaluating the impact of removing three critical design el-
ements: the FiLM-based architecture, the behavior-cloning
(BC) regularization, and the critic warm-up mechanism.

Ablation Variants. We compare the full MO-VLA frame-
work against the following three variants:

» w/o FiLM (Concat + RandlInit): We replace the FiLM
modulation with a naive early-fusion strategy, in which
the preference embedding e, is directly concatenated
with the VLM feature z,. Crucially, due to the structural
change in the input dimensionality, this variant cannot in-
herit the pre-trained weights from Stage I. Consequently,
the action head must be randomly initialized, forcing the
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Figure 4: Ablation study on drawer—open. We plot the training curves for Hypervolume, Expected Utility, and Success
Rate over 30k steps for different ablations of MO-VLA. (1) w/o Warm-up(blue): exhibits noticeable instability in the early
phase of training. (2) w/o FiLM (green): suffers from slow convergence and poor overall performance due to the loss of pre-
trained priors (randomly initialized action head). (3) w/o BC Reg (orange): shows clear instability and degraded success rates,
indicating catastrophic forgetting. (4) MO-VLA (red): The full method maintains stable learning dynamics and achieves the

best performance across all metrics.

policy to learn both manipulation skills and preference
alignment from scratch.

¢ w/o BC Regularization: We set the regularization coef-
ficient @ = 0 (Eq. 20), thereby removing the constraint
that anchors the policy to the pre-trained prior. This tests
the system’s resistance to catastrophic forgetting.

e w/o Critic Warm-up: We bypass the critic warm-up
phase and begin updating the actor network immediately
at the start of Stage II (Nyarmup = 0). This evaluates the
sensitivity of the algorithm to initial value-estimation er-
rors.

To focus on convergence dynamics and training stabil-
ity, all variants are trained on the drawer—open task for a
horizon of 30,000 steps. We track the learning curves for Hy-
pervolume (HV), Expected Utility (EU), and Success Rate
(SR).

Results and Analysis. As shown in Figure 4, all three ab-
lated variants exhibit clear degradation, confirming the im-
portance of each component. The w/o FiLM variant, which
cannot inherit the pre-trained action head and must learn
from random initialization, fails to acquire strong policies
within 30,000 steps. The w/o BC Reg variant largely main-
tains Hypervolume and Expected Utility but exhibits highly
fluctuating and poorly converged success rates, indicating
catastrophic forgetting once the behavior-cloning prior is re-
moved. The w/o Warm-up variant diverges early in train-
ing, suggesting that updating the actor before the critic has
stabilized introduces substantial gradient noise. In contrast,
the full MO-VLA configuration converges smoothly and
achieves the best performance across all three metrics.
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5 Conclusion and Future Work

In this work, we present MO-VLA, a unified framework
that integrates general Vision-Language-Action (VLA)
models with Multi-Objective Markov Decision Processes
(MOMDPs) via a FiLM-based two-stage training paradigm.
By preserving pretrained semantic representations and in-
corporating dynamic user preferences, our method achieves
precise Pareto-optimal trade-offs between conflicting ob-
jectives (e.g., efficiency and safety) under natural-language
instructions, significantly outperforming the unimodal be-
havioral patterns produced by conventional scalar-reward
approaches. In future work, we plan to enhance both
the dimensionality and expressiveness of objective pref-
erences by incorporating additional task attributes—such
as comfort and human-robot collaboration—into a uni-
fied multi-objective modeling framework, thereby enabling
finer-grained and more interpretable preference control. In
parallel, we aim to conduct systematic experiments and
closed-loop optimization on real robotic platforms and
within more uncertain, real-world scenarios to further val-
idate and strengthen the robustness and generalization capa-
bilities of MO-VLA in complex, open-world environments.
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