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Abstract—Although Model Predictive Control (MPC) can
effectively predict the future states of a system and thus is
widely used in robotic manipulation tasks, it does not have the
capability of environmental perception, leading to the failure
in some complex scenarios. To address this issue, we introduce
Vision-Language Model Predictive Control (VLMPC), a robotic
manipulation framework which takes advantage of the powerful
perception capability of vision language model (VLM) and
integrates it with MPC. Specifically, we propose a conditional
action sampling module which takes as input a goal image
or a language instruction and leverages VLM to sample a
set of candidate action sequences. Then, a lightweight action-
conditioned video prediction model is designed to generate a set
of future frames conditioned on the candidate action sequences.
VLMPC produces the optimal action sequence with the assistance
of VLM through a hierarchical cost function that formulates both
pixel-level and knowledge-level consistence between the current
observation and the goal image. We demonstrate that VLMPC
outperforms the state-of-the-art methods on public benchmarks.
More importantly, our method showcases excellent performance
in various real-world tasks of robotic manipulation. Code is
available at https://github.com/PPjmchen/VLMPC.

I. INTRODUCTION

Burgeoning foundation models [54, 11, 14, 9, 17] have
demonstrated powerful capabilities of knowledge extraction
and reasoning. Exploration based on foundation models has
thus flourished in many fields such as computer vision [45,
13, 15, 5], AI for science [8], healthcare [49, 66, 80, 57], and
robotics [10, 25, 61, 77, 48]. Recently, a wealth of work has
made significant progress in incorporating foundation models
into robotics. These works usually leveraged the strong un-
derstanding and reasoning capabilities of versatile foundation
models on multimodal data including language [34, 10, 61, 77,
62, 48], image [34, 44] and video [10] for enhancing robotic
perception and decision-making.

To achieve knowledge transfer from foundation models to
robots, most early works concentrate on robotic planning [32,
33, 12, 72, 64, 59, 65, 43, 42, 16, 78, 74, 46, 56, 52], which
directly utilize large language models (LLMs) to decompose
high-level natural language command and abstract tasks into
low-level and pre-defined primitives (i.e., executable actions
or skills). Although such schemes intuitively enable robots
to perform complex and long-horizon tasks, they lack the
capability of visual perception. Consequently, they heavily
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rely on pre-defined individual skills to interact with specific
physical entities, which limits the flexibility of robotic plan-
ning. Recent works [34, 10, 71, 31] remedy this issue by
integrating with large-scale vision-language models (VLMs) to
improve scene perception and generate trajectories adaptively
for robotic manipulation in intricate scenarios without using
pre-defined primitives.

Although existing methods have shown promising results
in incorporating foundation models into robotic manipulation,
interaction with a wide variety of objects and humans in the
real world remains a challenge. Specifically, since the future
states of a robot are not fully considered in the decision-
making loop of such methods, the reasoning of foundation
models is primarily based on current observations, resulting
in insufficient forward-looking planning. For example, when
opening a drawer, the latest method based on VLM [34] cannot
directly generate an accurate trajectory to pull the drawer
handle due to the lack of prediction on the future state, and
thus it still requires to design specific primitives on object-
level interaction. Hence, it is desirable to develop a robotic
framework that performs with a human-like “look before you
leap” ability.

Model predictive control (MPC) is a control strategy widely
used in robotics [63, 3, 29, 73, 38]. MPC possesses an
appealing attribute of predicting the future states of a system
through a predictive model. Such forward-looking attribute
allows robots to plan their actions by considering potential
future scenarios, thereby enhancing their ability to interact
dynamically with various environments. Traditional MPC [63,
29, 73, 68, 24] usually builds a deterministic and sophisticated
dynamic model corresponding to the task and environment,
which does not adapt well to intricate scenes in the real
world. Recent research [21, 76, 51, 75, 67, 20] has explored
using vision-based predictive models to learn dynamic models
from visual inputs and predict high-dimensional future states
in 2D [21, 76, 67, 20] or 3D [21, 51, 75, 20] spaces. Such
methods are based on current visual observation for proposing
manipulation actions in the MPC loop, which enables robots
to make more reasonable decisions based on visual clues.
Nevertheless, the effectiveness of such methods is constrained
by the limitations inherent in visual predictive models trained
on finite datasets. Such models struggle to accurately predict
scenarios involving scenes or objects they have not previously
encountered. This issue becomes especially pronounced in the
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real-world environments often partially or even fully unseen
to robots, where the models can only perform basic tasks that
align closely with their training data.

Naturally, large-scale vision-language models have the po-
tential to address this problem by providing extensive open-
domain knowledge and offering a more comprehensive under-
standing of diverse and unseen scenarios, thereby enhancing
the predictive accuracy and adaptability of the scheme for
robotic manipulation. Thus, this work presents the Vision-
Language Model Predictive Control (VLMPC), a framework
that combines VLMs and model predictive control to guide the
robotic manipulation with complicated path planning including
rotation and interaction with scene objects. By leveraging
the strong ability of visual reasoning and visual grounding
for sampling actions provided by VLM, VLMPC avoids the
manual design of individual primitives, and addresses the
limitation that previous methods based on VLMs can only
compose coarse trajectories without foresight.

As shown in Fig. 1, VLMPC takes as input either a
goal image indicating the prospective state or a language
instruction. We propose an action sampling module that uses
VLM to initialize the task and handle the current observation,
which generates a conditional action sampling distribution for
further producing a set of action sequences. With the action
sequences and the history image observation, VLMPC adopts
a lightweight action-conditioned video prediction model to
predict a set of future frames. To assess the quality of the
candidate action sequences through the future frames, we also
design a hierarchical cost function composed of two sub-costs:
a pixel-level cost measuring the difference between the video
predictions and the goal image and a knowledge-level cost
making a comprehensive evaluation on the video predictions.
VLMPC finally chooses the action sequence corresponding to
the best video prediction, and then picks the first action from
the sequence to execute while feeding the subsequent actions
into the action sampling module combined with conditional
action sampling.

The main contributions of this paper are as follows:

• We propose VLMPC for robotic manipulation, which
incorporates a learning-based dynamic model to predict
future video frames and seamlessly integrates VLM into
the MPC loop for open-set knowledge reasoning.

• We design a conditional action sampling module to
sample robot actions from a visual perspective and a
hierarchical cost function to provide a comprehensive and
coarse-to-fine assessment of video predictions.

• We conduct experiments in both simulated and real-
world scenes to demonstrate that VLMPC provides good
knowledge reasoning and effective foresight, achieving
state-of-the-art performance without any primitives.

II. RELATED WORK

Since the proposed VLMPC integrates MPC with founda-
tion models, this section reviews them in the context of robotic
manipulation.

A. Model Predictive Control for Robotic Manipulation

Model predictive control (MPC) is a multivariate con-
trol algorithm widely used in robotics [63, 3, 29, 73, 38,
28, 53, 68, 24, 34, 21]. It employs a predictive model to
estimate future system states, subsequently formulating the
control law through solving a constrained optimization prob-
lem [27, 28]. The foresight capability of MPC, combined with
its constraint-handling features, enables the development of
advanced robotic systems which operate safely and efficiently
in variable environments [29].

In the context of robotic manipulation, the role of MPC is to
make the robot manipulator move and act in an optimal way
with respect to input and output constraints [7, 21, 23, 75,
76, 51, 67]. In particular, action-based predictive models are
frequently used in MPC for robotic manipulation, referring to
a prediction model designed to forecast the potential future
outcomes of specific actions, connecting sequence data to
decision-making processes. Bhardwaj et al. [7] proposed a
sampling-based MPC integrated with low discrepancy sam-
pling, smooth trajectory generation, and behavior-based cost
functions to produce good robotic actions reaching the goal
poses. Visual Foresight [21, 23] first generated robotic plan-
ning towards a specific goal by leveraging a video prediction
model to simulate candidate action sequences and then scored
them based on the similarity between their predicted futures
and the goal. Xu et al. [75] proposed a 3D volumetric
scene representation that simultaneously discovers, tracks,
and reconstructs objects and predicts their motion under the
interactions of a robot. Ye et al. [76] presented an approach
to learn an object-centric forward model, which planned for
action sequences to achieve distant desired goals. Recently,
Tian et al. [67] conducted a simulated benchmark for action-
conditioned video prediction in the form of MPC framework
that evaluated a given model for simulated robotic manipula-
tion through sampling-based planning.

Recently, some video prediction models independent of the
MPC framework have also been proposed for robotic manipu-
lation. For instance, VLP [19] and UniPi [18] combined text-
to-video models with VLM to generate long-horizon videos
used for extracting control actions. V-JEPA [6] developed
a latent video prediction strategy to make predictions in a
learned latent space. Similarly, Dreamer [26] learned long-
horizon behaviors through predicting state values and actions
in a compact latent space where the latent states have a small
memory footprint. RIG [50] used a latent variable model
to generate goals for the robot to learn diverse behaviors.
Planning to Practice [22] proposed a sub-goal generator to
decompose a goal-reaching task hierarchically in the latent
space.

B. Foundation Models for Robotic Manipulation

Foundation models are large-scale neural networks trained
on massive and diverse datasets [9]. Breakthroughs such
as GPT-4, Llama and PaLM exemplify the scaling up of
LLMs [54, 11, 69, 14], showcasing notable progress in knowl-
edge extraction and reasoning. Simultaneously, there has been



an increase in the development of large-scale VLMs [2, 58,
36, 60, 17, 4]. VLMs typically employ cross-modal connectors
to merge visual and textual embeddings into a unified rep-
resentation space, enabling them to process multimodal data
effectively.

The application of foundation models in advanced robotic
systems is an emerging research field. Many studies focus
on employing LLMs for knowledge reasoning and robotic
manipulation [33, 79, 35, 40, 31]. To allow LLMs to perceive
the physical environments, auxiliary modules such as textual
descriptions of the scene [33, 79], affordance models [35],
and perception APIs [40] are essential. Additionally, using
VLMs for robotic manipulation is being explored [34, 17, 10].
For example, PaLM-E enhanced the understanding of robots
with regard to complex visual-textual tasks [17], while RT-
2 specialized in real-time image processing and decision-
making [10]. However, most existing methods are limited by
their reliance on pre-defined executable skills or hand-designed
motion primitives [40, 34], constraining the adaptability of
robots in complex, real-world environments and their interac-
tion with diverse, unforeseen objects.

Difference from closely related works. This work is
closely related to some MPC-based methods [21, 23, 67, 75]
designed for robotic manipulation. However, most of these
methods were designed for manipulation tasks merely involv-
ing specific objects as regular MPC has limitations in two
aspects: (1) The predictive models used in regular MPC are
constrained with small-scale training datasets, and thus cannot
precisely predict the process of interaction with objects unseen
during training; (2) The cost functions of regular MPC are
usually designed with a defined set of constraints such as
physical limitations or operational safety margins. Although
these constraints ensure that robot actions adhere to them
while striving for optimal performance, accurately modeling
such constraints is highly difficult in real-world scenarios.
To address the above two problems, the proposed VLMPC
leverages a video prediction model which is trained with a
large-scale robot manipulation dataset [55] and can be directly
transferred to the real world. Also, VLMPC incorporates
powerful VLMs into cost functions with high-level knowledge
reasoning, which provides constraints produced through inter-
actions with open-set objects.

III. METHOD

Fig. 1 illustrates the overview of the VLMPC framework.
It takes as input either a goal image indicating the prospec-
tive state or a language instruction that depicts the required
manipulation, and performs a dynamic strategy that iteratively
makes decisions based on the predictions of future frames.
First, a conditional action sampling scheme is designed to
prompt VLMs to take into account both the input and the
current observation and reason out prospective future move-
ments, from which a set of candidate action sequences are
sampled. Then, an action-conditioned video prediction model
is devised to predict a set of future frames corresponding to the
sampled action sequences. Finally, a hierarchical cost function

including two sub-costs and a VLM switcher are proposed
to comprehensively compute the coarse-to-fine scores for the
video predictions and select the best action sequence. The first
action in the sequence is fed into the robot for execution, and
the subsequent actions go through a weighted elementwise
summation with the conditional action distribution. We elab-
orate each component of VLMPC in the following.

A. Conditional Action Sampling

In an MPC framework, N candidate action sequences
St = {S1

t , S
2
t , ..., S

N
t } are sampled from a custom sampling

distribution at each step t, where Sn
t = {ant+1, a

n
t+2, ..., a

n
t+T }

contains T actions and n ∈ {1, ..., N}. For every τ ∈
{t+1, ..., t+T} representing a future step after t, anτ ∈ R7 is a
7-dimensional vector composed of the movement [dxτ , d

y
τ , d

z
τ ]

of the end-effector in Cartesian space, the rotation [rxτ , r
y
τ , r

z
τ ]

of the gripper, and a binary grasping state gt indicating the
open or close state of the end-effector.

Given a goal image G or a language instruction L as the
input of VLMPC along with the current observation Ot, we
expect VLMs to generate appropriate future movements, from
which a sampling distribution is derived for action sampling.
As shown in Fig. 2, the current observation Ot ∈ Rh×w×3 is
represented as an RGB image with the shape of h × w × 3
taken by an external monocular camera. We design a prompt
ϕs that drives VLMs to analyze Ot alongside the input. ϕs

forces VLMs to identify and localize the object with which the
robot is to interact, reason about the manner of interaction, and
generate appropriate future movements. The output of VLMs
can be formulated as

VLM(Ot, G ∨ L|ϕs) = {d̂xt , d̂
y
t , d̂

z
t , r̂

x
t , r̂

y
t , r̂

z
t , gt} (1)

where ·̂ ∈ {+1, 0,−1} denotes the predicted moving/rotation
direction alongside the corresponding axis and gt ∈ {0, 1}
represents the predicted binary state of the end-effector.

To obtain a set of candidate action sequences, we follow the
scheme of Visual Foresight [21] and adopt Gaussian sampling
that samples N action sequences with the expected movement
in each action dimension as the mean. Hence we further map
the output of VLMs into a sampling mean µVLM

t :

µVLM
t = wm ∗ {d̂xt , d̂

y
t , d̂

z
t } ∪ wr ∗ {r̂xt , r̂

y
t , r̂

z
t } ∪ {gt} (2)

where wm and wr are hyperparameters for mapping the output
of VLMs into the action space of the robot.

Hallucination phenomenon is a common issue which hin-
ders the stable use of large-scale VLMs in real-world deploy-
ment, as it may result in unexpected consequences caused
by incorrect understandings of the external environment. To
mitigate the hallucination phenomenon, we propose to make
use of the historical information derived from the subsequent
candidate action sequence of the last step. This leads to another
sampling mean µsub

t . Please refer Sec. III-C for the detailed
process of obtaining µsub

t . Then we perform a weighted ele-
mentwise summation of µsub

t and µVLM
t to produce the final
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Fig. 1. VLMPC takes as input either a goal image or a language instruction. It first prompts VLMs to generate a conditional sampling distribution, from
which action sequences are derived. Then, such action sequences are fed into a lightweight action-conditioned video prediction model to predict a set of future
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Fig. 2. The VLMs subject to a specifically designed prompt ϕs take as
input the current observation Ot and a goal image or a language instruction
to generate an end-effector moving direction at coarse level.

sampling mean µt of step t:

µt = wVLM ∗ µVLM
t + wsub ∗ µsub

t (3)

where wVLM and wsub are weighting parameters. Finally, we
sample St from the Gaussian distribution Sn

t ∼ N (µt, I)
repeatedly N times.

This conditional action sampling scheme allows VLMs to
provide the guidance of robotic manipulation at a coarse level
via knowledge reasoning from the image observation and
the task goal. Next, with the candidate action sequences, we
introduce the module for action-conditioned video prediction.

B. Action-Conditioned Video Prediction

Given the candidate action sequences, it is necessary to
estimate the future state of the system when executing each
sequence, which provides the forward-looking capability of
VLMPC.

Traditional MPC methods often rely on hand-crafted de-
terministic dynamic models. Developing and refining such
models typically require extensive domain knowledge, and
they may not capture all relevant dynamics. On the contrary,
video is rich in semantic information and thus enables the
model to handle complex, dynamic environments more ef-
fectively and flexibly. Moreover, video can be directly fed
into a VLM for knowledge reasoning. Thus, we use the
action-conditioned video prediction model to predict the future
frames corresponding to candidate action sequences.

We build a variant version of DMVFN [30], an efficient
dynamic multi-scale voxel flow network for video prediction,
to perform action-conditioned video prediction. We name it
DMVFN-Act. Given the past two historical frames Ot−1 and
Ot, DMVFN predicts a future frame Ôt+1, formulated as

Ôt+1 = DMVFN(Ot−1, Ot) (4)

With the candidate action sequences St and the correspond-
ing executed actions at−1 and at, we expect DMVFN-Act to
take the actions one by one and predict future states frame by
frame as illustrated in Fig. 3. For simplicity, we explain this
process by taking one sequence Sn

t = {ant+1, a
n
t+2, ..., a

n
t+T }
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Fig. 3. Given the past two frames Ot and Ot−1 with the executed actions
at−1 and at corresponding to them and the action ant+1, DMVFN-Act
predicts the next frame Ôn

t+1(a
n
t+1). The dashed boxes and arrows indicate

the iterative process of taking the actions one by one and predicting the future
states frame by frame.

as example. We broadcast at−1, at, ant+1 ∈ R7 to the image
size a′t−1, a′t, a

n
t+1

′ ∈ Rh×w×7, and then concatenate them
with Ot−1 and Ot respectively, formulated as

O′
t−1 = [Ot−1 · a′t−1 · a′t · ant+1

′],

O′
t = [Ot · a′t−1 · a′t · ant+1

′]
(5)

where [·] represents the channelwise concatenation, and O′
t−1

and O′
t denote the action-conditioned historical observations.

In DMVFN-Act, the input layer is modified to adapt O′
t−1 and

O′
t and predict one future frame Ôn

t+1(a
n
t+1) conditioned by

the candidate action ant+1, expressed as

Ôn
t+1(a

n
t+1) = DMVFN-Act(O′

t−1, O
′
t) (6)

DMVFN-Act iteratively predicts future frames via Eqs. (5) and
(6) until all candidate actions are used . The action-conditioned
video prediction can be represented as:

V n
t = {Ôn

t+1(a
n
t+1), Ô

n
t+2(a

n
t+2), ..., Ô

n
t+T (a

n
t+T )} (7)

To improve efficiency, the N candidate action sequences are
organized into a batch and predict all the action-conditioned
videos Vt = {V 1

t , V
2
t , ..., V

N
t } at step t in one inference.

C. Hierarchical Cost Function

To comprehensively assess the video predictions, we design
a cost function composed of two sub-costs that provide a
hierarchical assessment at pixel and knowledge levels, respec-
tively. We also propose a VLM Switcher which dynamically
selects one or both sub-costs in a manner adaptive to the
observation.

1) Pixel Distance Cost: While the task input is the goal
image G, an intuitive way to assess video predictions is to
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Fig. 4. Illustration of the end-effector, the next sub-goal and the interference
objects in the current observation. Red, green, and yellow boxes denote the
interference objects, the end-effector and the next sub-goal generated by
VLMPC.

sum the pixel distances between each future frame and the
goal image. Following Visual Foresight [21], we calculate the
l2 distance between each future frame Ôn

τ (a
n
τ ) in an action-

conditioned video V n
t and G, and then sum the distances as

the pixel distance cost Cn
P (t) for V n

t over τ :

Cn
P (t) =

t+T∑
τ=t+1

||Ôn
τ (a

n
τ )−G||2 (8)

Then, the pixel distance cost CP (t) at step t for Vt can be
computed as

CP (t) = {Cn
P (t)|n ∈ {1, 2, ..., N}} (9)

The pixel distance cost encourages the robot to move
directly towards the goal position in accordance with the goal
image. This cost is simple yet effective when the task contains
only one sub-goal, e.g., push a button. However, for tasks that
require manipulating objects with multiple sub-goals, where a
common type is taking an object from position A to B, this
cost usually guide the robot to move directly towards position
B to reduce the pixel distance. To facilitate such situations, we
further introduce the VLM-assisted cost.

2) VLM-Assisted Cost: Many robotic manipulation tasks
contain multiple sub-goals and interference objects, which
require knowledge-level task planning. For example, in the
task of ‘grasp the bottle and put it in the bowl, while watching
out the cup’, the bottle should be identified as the sub-goal
before the robot grasps it, and the bowl is the next sub-goal
after the bottle is grasped, and the cup is an interference
object. It is thus critical to dynamically identify the sub-goals
and interference objects in each step, and make appropriate
assessments on the action-conditioned video predictions so
that we can select the best candidate action sequence to achieve
the sub-goals as long as avoiding the interference object.
Moreover, We design a VLM-assisted cost to realize it at the
knowledge level.

Specifically, with the current observation Ot and the task
input G or L, we design a prompt ϕC to drive VLMs to reason
out and localize the next sub-goal and all the interference



Algorithm 1: VLMPC
Input: Goal image G or language instruction L, and

obvevation Ot at every step

1 while task not done or t ≤ Tmax do
2 Generates a sampling distribution by VLM

D(µVLM)← VLM(Ot, G ∨ L|ϕs);
3 Refine it with historical information µsub

t

D(µt) = D(wVLM ∗ µVLM
t + wsub ∗ µsub

t );
4 St ← sample N action sequences;
5 foreach sequence Sn

t ∈ St do
6 for future step τ = t+ 1, ..., t+ T do
7 Ôn

τ (a
n
τ )← predict the future frame;

8 end
9 V n

t = {Ôn
τ (a

n
τ )|τ ∈ {t+ 1, ..., t+ T} ;

10 end
11 CP (t)← calculate the pixel distance cost;
12 CVLM ← calculate the VLM-assisted cost;
13 Ct← arrange cost through VLM swicher;
14 Sn⋆

t ← select the optimal action sequence;
15 Execute the first action an

⋆

t+1 in the optimal
sequence;

16 Update µsub
t+1 using {an⋆

τ |τ ∈ {t+ 2, ..., t+ T}};
17 end

objects, where the sub-goal is usually the next object to interact
with the robot. As illustrated in Fig. 4, this process yields
the bounding boxes of the robot’s end-effector et, the next
sub-goal st and all the interference objects It in the current
observation:

VLM(Ot, G ∨ L|ϕC) = {et, st, It} (10)

Since the predicted videos Vt share the historical frame Ot,
a lightweight visual tracker VT can be used to localize both
the end-effector enτ and the sub-goal snτ in each future frame
in all the action-conditioned predicted videos initialized with
et, st, and It, formulated as:

VT(Vt|et, st, It) = {enτ , snτ , Inτ |n ∈ {1, 2, ..., N},
τ ∈ {t+ 1, t+ 2, ..., t+ T}}

(11)

where we employ an efficient real-time tracking network
SiamRPN [39] as the visual tracker in this work.

To encourage the robot to move towards the next sub-
goal and avoid colliding with all the interference objects, we
calculate the VLM-assisted cost Cn

VLM as:

Cn
VLM(t) =

t+T∑
τ=t+1

(||c(enτ )− c(snτ )||2 − ||c(enτ )− c(Inτ )||2), (12)

CVLM(t) = {Cn
VLM(t)|n ∈ {1, 2, ..., N}} (13)

where c(·) represents the center of the given bounding boxes.
3) VLM Switcher: The pixel distance cost can provide fine-

grained guidance on the pixel level, and VLM-assisted cost
fixes the gap in knowledge-level task planning. With these

two sub-costs, we further design a VLM switcher with prompt
ϕD, which dynamically selects one or both appropriate sub-
costs in each step t adaptive to the current observation through
knowledge reasoning to produce the final cost C(t):

VLM(Ot, G ∨ L|ϕD) = wD ∈ {0, 0.5, 1}, (14)

C(t) = wD ∗ CP (t) + (1− wD) ∗ CVLM(t) (15)

With the cost C(t) = {Cn(t)|n ∈ {1, 2, ..., N}} as the
assessment of all the action-conditioned videos, we select
the candidate action sequence with the lowest cost for the
following process. When the first action in this sequence is
executed, the subsequent actions are fed into a global mean
pooling layer to generate the sampling mean µsub

t to provide
historical information in the action sampling of the next step.

Algorithm 1 summarizes the whole process of the VLMPC
framework. When the task is done or reaching the maximum
time limit, the system will return an end signal.

IV. EXPERIMENTS

In this section, we first provide the implementation details of
the proposed VLMPC framework. Then, we conduct two com-
parative experiments in simulated environments. The first is to
compare VLMPC with VP2 [67] on 7 tasks in the RoboDesk
environment [37]. The second is to compare VLMPC with
5 existing methods in 50 simulated environments provided
by the Language Table environment [47]. Next, we evaluate
VLMPC in real-world scenarios. Finally, we investigate the
effectiveness of each core component of VLMPC through ab-
lation study. We provide the details of all the hyperparameters
and the VLM prompts in the supplementary material.

A. Implementation Details

VLMPC employs Qwen-VL [4] and GPT-4V [1] as the
VLMs. In the conditional action sampling module, VLMPC
first uses GPT-4V to identify the target object with which the
robot needs to interact, and then localizes the object through
Qwen-VL. In the VLM-assisted cost, VLMPC first extracts
the sub-goals and interference objects with GPT-4V, and then
localizes them through Qwen-VL. The VLM switcher uses
GPT-4V to dynamically select one or both sub-costs in each
time step.

The training policy of the DMVFN-Act video prediction
model contains 2 stages. In the first stage, we select 3 sub-
datasets from the Open X-Embodiment Dataset [55], a large-
scale dataset containing more than 1 million robot trajectories
collected from 22 robot embodiments. The 3 sub-datasets
used for pre-training DMVFN-Act are Berkeley Autolab UR5,
Columbia PushT Dataset, and ASU TableTop Manipulation. In
the second stage, we collect 20 episodes of robot execution
in the environment where the experiments are conducted and
train DMVFN-Act to adapt to the specific scenario.

B. Simulation Experiments

1) Simulation Environments and Experiment Settings: The
first evaluation is conducted on the popular simulation bench-
mark VP2 [67] which offers two environments RoboDesk [37]



Fig. 5. Quantitative comparison with the VP2 baseline in the RoboDesk environment.
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Fig. 6. Visualization of the action-conditioned video predictions assessed by
the hierarchical cost function of VLMPC via knowledge reasoning.

and robosuite [81]. Considering the significant difference
between the physical rendering of robosuite and real-world
scenarios, we only use RoboDesk in this work. RoboDesk
provides a physical environment with a Franka Panda robot
arm, as well as a set of manipulation tasks. VP2 conducts
7 sub-tasks: push {red, green, blue} button, open {slide,
drawer}, push {upright block, flat block} off table. For each
sub-task, VP2 provides 30 goal images as task input.

In the second experiment, we compare VLMPC with 5
existing methods in the Language Table environment [47] on
the move to area task following VLP [19]. Such a task is
given by language instructions: move all blocks to different
areas of the board. The 5 competing methods are UniPi [18],
LAVA [41], PALM-E [17], RT-2 [10] and VLP [19]. We follow
VLP [19] to compute rewards using the ground truth state of
each block in the Language Table environment [47]. And we
made the evaluation on 50 randomly initialized environments.

TABLE I
COMPARISON WITH EXISTING METHODS ON THE TASK OF move to area IN

THE LANGUAGE TABLE ENVIRONMENT.

Method Success Rate(%) Reward

UniPi [18] 0 30.8
LAVA [41] 22 59.8

PALM-E [17] 0 36.5
RT-2 [10] 0 18.5
VLP [19] 64 87.3
VLMPC 70 89.3

2) Experimental Results: The experimental results on the
VP2 benchmark are listed in Fig. 5. It can be seen that
VLMPC significantly outperforms the VP2 baseline. We can
see that for the tasks of push {red, green, blue} button, both
the VP2 baseline and VLMPC achieve high performance.
This is simply because such tasks contain no multiple sub-
goals. Thus, once the robot arm reaches the specific button
and pushes it, the task is completed. On the other hand, the
remaining tasks are more challenging, which require the robot
to identify and move among multiple sub-goals as well as
avoiding the collision with interference objects. We can see
that VLMPC significantly outperforms the VP2 baseline in
such challenging tasks, demonstrating its good reasoning and
planning capability.

Fig. 6 shows the visual results for the most challenging
sub-task push flat. This task requires pushing a flat green
block off the table, while keeping other objects unmoved.
We notice a slender block standing on the right edge of the
table, which obviously serves an interference object. For the
current observation Ot, we select two predicted videos for
visualization. The second and the third rows of Fig. 6 show the
predicted videos corresponding to different candidate action
sequences. It can be seen that both candidate action sequences
have the tendency to push the flat block off the table. It
is noteworthy that the VP2 baseline using a pixel-level cost
and a simple state classifier assigns similar costs on both
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Fig. 7. The real-world experimental platform includes a UR5 robot arm and a monocular RGB camera. It also shows a goal image for each of the four tasks.

videos, which leads to the selection of an inappropriate action
sequence. In contrast, VLMPC produces a higher cost for V 2

t

which contains a possible collision between the robot arm and
the interference object. V 1

t indicates a more reasonable moving
direction and interaction with objects, and is thus assigned
a lower cost. Such results demonstrate that the proposed
hierarchical cost function can make desired assessment of the
predicted videos on the knowledge level and facilitate VLMPC
to select an appropriate action to execute.

Table I lists the quantitative results of the comparative ex-
periment conducted in the Language Table environment [47],
where the Reward metric is computed in accordance with the
VLP reward [19]. It can be seen that the proposed VLMPC
outperforms all competing methods. This is because VLMs are
good at localizing specific areas. Therefore, through sampling
actions towards the sub-goals, VLMPC enables the robot to
successfully reach the sub-goals and complete the task.

C. Real-World Experiments

1) Experimental Setting: As shown in Fig. 7, we use a
UR5 robot to conduct real-world experiments. A monocular
RGB camera is set up in front of the manipulation platform to
provide the observations. We design four manipulation tasks,
including grasp towel, put banana, turn on lamp, and wipe
water. It is noteworthy that the objects involved in these tasks
are not included in the collected data for training the video
prediction model.

In each manipulation task, the position of the objects is
initialized randomly within the reachable space of the action,
yielding different goal images. Fig. 7 shows some example
goal images for the 4 tasks.

2) Experimental Results: To properly evaluate VLMPC in
real-world tasks, we repeat each task 30 times by randomly
initializing the position of all objects and changes the color
of the tablecloth every 10 times. We calculate the success rate
and the average time for each task respectively. The results
are listed in Table II. It can be seen that VLMPC achieves
high success rates on the tasks of grasp towel and turn on
lamp. These two tasks are relatively simple as there is no

TABLE II
RESULTS OF VLMPC USING GOAL IMAGE OR LANGUAGE INSTRUCTION

AS INPUT IN REAL-WORLD EXPERIMENTS.

Tasks
Goal Image Language Instruction

Success Rate(%) Time(s) Success Rate(%) Time(s)

grasp towel 76.67 162.4 73.33 184.6
put banana 60.00 203.9 46.67 230.7

turn on lamp 83.33 128.4 86.67 142.8
wipe water 36.67 289.3 23.33 331.9

interference object in the scene. The success rates for the tasks
of put banana and wipe water are low because they are more
challenging. put banana contains multiple sub-goals, and wipe
water is even more difficult as it involves both interference
objects and multiple sub-goals. Such results demonstrate that
VLMPC generalizes well to novel objects and scenes unseen
in the training dataset.

We also provide the visual results for two challenging
tasks put banana in the bowl and wipe water. As shown in
Fig. 8, in the put banana in the bowl task, VLMPC correctly
identifies the first sub-goal, i.e., the banana, based on the
current observation, and drives the robot arm moving towards
and finally grasping it. Then, VLMPC dynamically finds the
next sub-goal, i.e., the bowl, and subsequently guides the
robot to move to the area above it and opens the gripper.
This example demonstrates VLMPC has the capability of
dynamically identifying the sub-goals during the task.

The wipe water task requires the robot arm to wipe off
the water on the table with the towel while watching out the
bottle. It is clear that this task contains two sub-goals towel
and water, and an interference object bottle. Fig. 8 shows that
our method successfully identifies all of them, and guides the
robot to select appropriate actions to execute while avoiding
the collision with the interference object.

We provide more visualization results on four sub-tasks with
both successful and failure cases, as well as related discussion
in the supplementary material. We also provide video demon-
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Fig. 8. Visualization of the action execution for two challenging real-world manipulation tasks put the banana in the bowl and wipe water.

strations in both simulated and real-world environments.

D. Ablation studies

We have conducted ablation study to demonstrate the
effectiveness of each core component of VLMPC. In the
experiments, we compare VLMPC with 4 variants described
as follows:

VLMPC-rs: This is an ablated version of VLMPC where
the conditional action sampling module is replaced with ran-
dom sampling which simply sets the sampling mean µt to
zero.

VLMPC-PD: This variant of VLMPC only uses the pixel
distance cost as the cost function.

VLMPC-VS: This variant of VLMPC only uses the VLM-
assisted cost as the cost function.

VLMPC-MCVD: In this variant of VLMPC, we replace
DMVFN-Act with the action-conditioned video prediction
model MCVD [67, 70].

The results are shown in Table III. First, compared with ran-
dom sampling, our conditional action sampling module makes
the robot complete various tasks more quickly and achieve
higher success rates. This is because random sampling cannot
make the sampled action sequences focus on the direction to
sub-goals. Second, when VLMPC only uses the pixel distance
cost, we found that the robot directly moves to the goal
position and ignores intermediate sub-goals, leading to low
success rates in the tasks put banana and wipe water. Besides,
when VLMPC only uses the VLM-assisted cost, we found
that VLM sometimes localizes incorrect sub-goals, which also

leads to low success rates. Third, compared with DMVFN-
Act, the diffusion-based video prediction model MCVD leads
to much lower efficiency in all testing tasks.

V. CONCLUSION

This paper introduces VLMPC that integrates VLM with
MPC for robotic manipulation. It prompts VLM to produce a
set of candidate action sequences conditioned on the knowl-
edge reasoning of goal and observation, and then follows the
MPC paradigm to select the optimal one from them. The hier-
archical cost function based on VLM is also designed to pro-
vide an amenable assessment for the actions by estimating the
future frames generated by a lightweight action-conditioned
video prediction model. Experimental results demonstrate that
VLMPC performs well in both simulated and real-world
scenarios.

A limitation of VLMPC lies in its process of video predic-
tion, where a mismatch between the predicted video and the
action sequence may occur and thereby affect the evaluation
of the action sequences. Moreover, incorporating a large-scale
VLM into each step of the MPC loop introduces higher com-
puting cost inevitably. Without assessing the predicted video
at each step, VLMPC cannot perfectly handle the tasks where
the space of motion is strictly constrained. Hence, developing
a more reliable video prediction model and designing a more
efficient scheme for integrating VLM with MPC are of interest
in the future work.



TABLE III
ABLATION STUDY USING THE VARIANTS OF VLMPC ON DIFFERENT TASKS IN REAL-WORLD ENVIRONMENTS.

VLMPC Variant
grasp towel put banana turn on lamp wipe water

Success Rate(%) Time(s) Success Rate(%) Time(s) Success Rate(%) Time(s) Success Rate(%) Time(s)

VLMPC-rs 63.33 302.5 40 389.5 73.33 256.7 13.33 573.9
VLMPC-PD 26.67 178.3 0 - 60.00 123.6 0 -
VLMPC-VS 56.67 201.5 46.67 297.3 56.67 243.7 10.00 543.9

VLMPC-MCVD 33.33 509.3 23.33 689.4 46.67 553.8 6.67 803.5
VLMPC 76.67 162.4 60.00 203.9 83.33 128.4 36.67 289.3
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