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Abstract— In 3D object manipulation, collecting expert data
for end-to-end imitation learning becomes a mainstream
method. Though successful, previous works neglect the guiding
role of language in action execution. These methods lack the
understanding of action semantics, in which multiple action
sequences are guided by a category of instructions, resulting in
overlearned object semantics and vague action semantics. To
address the above limitation, we introduce a novel framework
named LLaKey, which breaks down skill commands into
more detailed action instructions based on key states for fine-
grained action control. Specifically, LLaKey first leverages the
knowledge encoded in pre-trained large-scale models to fine-
tune an action instruction conductor. Then, these instructions
are executed by a downstream action model. Comprehensive
experiments show that LLaKey significantly surpasses baselines
with a relative improvement of 15% in nine complex and varied
skill tasks, demonstrating the superiority of our method.

I. INTRODUCTION

In the field of 3D object manipulation, collecting expert
data for end-to-end imitation learning is a standard approach.
This strategy allows for the direct emulation of expert
techniques, essential for developing more sophisticated ma-
nipulation models. A significant portion of current research
is devoted to two main areas: enhancing the representation of
3D information, as indicated by studies like [1], and semanti-
cally enriching databases, as in the case of [2]. These efforts
aim to improve the accuracy and complexity of interactions
between robotic systems and their 3D environments.

Though successful, previous works neglect the guiding
role of language in action execution leading to performance
degradation. These methods lack the understanding of action
semantics, where multiple action sequences are guided by
a category of instructions, resulting in overlearned object
semantics and vague action semantics. As shown in Figure 1,
we investigate the existence of this problem by directing two
different action sequences with the same type of skill instruc-
tions: ‘put the {color} light bulb in the {color} box’, which
are filled based on the operated object and the target location.
One of the sequences includes an unscrewing action, while
the other consists solely of pick-and-place actions. Without
altering the skill instructions of the test set, the success rate
is 60%. Subsequently, we maintain the model constant but
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Fig. 1: The overview of our empirical exploration for exploring
insufficient action semantic learning. We train two skill action
sequences using both single-type and dual-type languages. During
the testing process, we alter language instructions to demonstrate
the existence of the problem. The results indicate that model’s
understanding of action semantics is ambiguous.

alter the language instructions of the test set to ‘{color} light
bulb, {color} box’, keeping only the operative object and the
target location, which increases the success rate to 64%. It
suggests that the model focuses more on object semantics.
After retraining with two types of language instructions: ‘put
the {color} light bulb in the {color} box’ and ‘unscrew
the {color} light bulb and put it into the {color} box’, the
success rate remains at 60%. However, when we replace
or remove the verbs in the language input, such as ‘take
the {color} light bulb and it into the {color} box’, for
the test set, the success rate unexpectedly increases to 72%
instead of decreasing. It confirms that the model excessively
focuses on the semantics of objects in the language and
has a vague understanding of action semantics. Lacking the
understanding of action semantics makes the model lack the
ability to modify the sequence and permutation of actions to
adapt to variations in the object’s environment. Therefore, the
model training process requires stronger language guidance.
Each skill during its execution will have multiple key states,
such as a pre-grasping state where the velocity of all joints
decreases to zero. Each key state can be achieved by the exe-
cution of one or two basic actions. We define the following as
basic actions: moving (significant pose changes with minor
rotational adjustments), rotating (major rotational changes
with minimal pose alterations), grasping (pose movement
towards the gripper accompanied by gripper closure), and
releasing (pose movement towards the gripper along with
gripper opening). We believe that skill instructions should
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be further broken down into simpler, more basic action
commands for improved learning and application. Each key
state should have its own language goal, then each action
can correspond to its true semantic meaning and effectively
utilize the action knowledge learned previously.

To overcome these challenges mentioned above, we pro-
pose a novel framework named LLaKey, which gains a deep
understanding of basic action semantics to obtain higher
intelligence. LLaKey is composed of an upstream command
model and a downstream action model. The command model
is a fine-tuned LLM that receives skill instructions and
outputs the next basic action instruction based on the current
environment. The instructions from the command model
are then passed to the action model for execution. This
approach can be applied to large models that lack inherent
coding capabilities, fully leveraging their extensive language
knowledge. The action model has a deep understanding of
action semantics, which each action is designed to match its
true semantic meaning in its training proces. As both the
command and action models possess a strong understanding
of actions, LLaKey can modify the sequence and permutation
of actions to adapt to variations in the object’s environment,
thereby progressively advancing the completion of the skill.

To summarize, our contributions are threefold:
• We introduce an innovative framework named LLaKey.

This marks the first proposal of the “basic actions”
concept in a model, fostering the model’s learning of
higher-level and more flexible skill semantics.

• To solve the insufficient action semantic learning, we
decompose skill instructions into basic action instruc-
tions to form a new dataset. It successfully fine-tunes the
command capabilities of the large model and enhances
the action model’s understanding of action semantics.

• Extensive experiments show that our LLakey can out-
putform the baseline, showing promising results in both
simulations and real-world applications.

The rest of this paper is organized as follows: Section II
presents the related work. Section III discusses the method-
ology. Section IV details the experiments conducted. Section
V concludes the paper and discusses its limitations.

II. RELATED WORK

A. 3D Object Manipulation

End-to-end image-to-action policy models, such as RT-
1 [3], GATO [4], BC-Z [5], and InstructRL [6], directly pre-
dict 6-DoF end-effector poses from 2D video and language
inputs. They require many thousands of demonstrations to
learn spatial reasoning and generalize to new scene arrange-
ments and environments. Expanding on RT-1, MOO [7] uses
OWL-ViT [8] to provide (x, y) image coordinates for objects
mentioned in the instructions. This spatial information is
added as an additional channel to the image data. C2F-
ARM [9] and PerAct [10] voxelize the point clouds and use a
3D convolutional network as the backbone for control infer-
ence. RVT [11] addresses the issue of memory consumption
by transforming the point cloud into a set of RGB-D images

from multiple views. Act3D [1] employs CLIP pretrained
2D backbones to process 2D image views and uses depth
information [12] to lift these 2D features into 3D.

B. LLM Based Agents

With the impressive emergent capabilities and increasing
popularity of large language models (LLMs) [13], [14],
[15], researchers begin to integrate these models into the
development of artificial intelligence agents [16], [17], [18].
They employ LLMs as central elements in the cognitive
frameworks or as controllers for these agents. Such LLM-
integrated agents exhibit reasoning and planning skills akin
to those of symbolic agents, which employs methods such
as Chain-of-Thought (CoT) and problem decomposition [19],
[20]. LLM agents are leveraging GPT-4 [15]’s coding capa-
bilities in various innovative ways. For instance, CaP [21]
and ProgPrompt [22] recursively generates code using pro-
vided APIs, instruct2act [23] and Socratic model [24] em-
ploys the SAM [25] and CLIP models, and Voxposer [26]
uses LLMs to form voxel value maps for robotic navigation
and task execution. Language Models as Zero-Shot Plan-
ners [27] mimic writing based on new tasks by leveraging
language inference. SayCan [28] combines task progression
scoring with a value function for success prediction, while
Tidybot [29] infers personal preferences for object place-
ment. Successdetectors [30] enhances the precision of robotic
tasks by fine-tuning the Flamingo [31] model for success
detection. RT2 [32] is a visual language model that outputs
low-level robot actions and addresses large-scale tasks, work-
ing in tandem with PaLM-E [33] for refining multimodal
sentences, thereby enhancing the interaction between visual
inputs and language model outputs for precise and context-
relevant robotic actions.

III. METHOD

Our complete method is illustrated in Figure 2. LLaKey
comprises two parts: the upstream command model and
the downstream action model. For the upstream command
model, the inputs include images from various perspectives
as well as the current task, and its goal is to generate the next
basic action instruction. The downstream action model then
takes this action instruction, along with point cloud data, to
predict a movement specified by a target end-effector pose
and gripper state.

A. Skill Command Decomposition

We define that the expert data for a task can be represented
as a video stream. This video is decomposed into several
streams based on keyframes, where each key frame signifies
crucial or bottleneck steps in the gripper’s task execution.
These steps include actions like pre-pick, grasp, place pose,
or instances where all joint velocities are zero. As shown in
Figure 3, the basic action instructions are descriptions of the
fundamental actions that occur to reach the target state.

Given that action instructions serve as a medium for
information transfer between the upstream and downstream
models, each verb does not require many variants, reducing
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Fig. 2: Overview of our proposed LLaKey. In the training pipeline, expert data is decomposed at keyframes and annotated to form
image-text pairs. These pairs are used for fine-tuning multimodal large models as the upstream command model. The downstream action
model is then trained using the decomposed action instructions as new linguistic information. In the testing pipeline, the upstream command
model outputs the next action instruction, which is executed by the downstream action model.

Fig. 3: An example of skill decomposition for the command
“move the upward cup to blue target”. Ignoring the starting
point, this skill consists of five key states. The content within the
green boxes represents the corresponding basic action instructions
that have been decomposed.

the cognitive load for both models. If the number and se-
quence of basic actions in the decomposed video streams are
identical, then their corresponding basic action instructions
must also be similar.

B. Training Dataset Construction

We have at our disposal a dataset of skill instructions D =
{(ξ1, g1), (ξ2, g2), . . . , (ξn, gn)}, comprising n instances of
expert demonstrations, each correlated with English language
goals G = {g1, g2, . . . , gn}. These demonstrations have been
curated by an expert leveraging a motion planner to attain
specific intermediate poses. Each demonstration ξ consists
of a series of continuous actions A = {a1, a2, . . . , am}
alongside corresponding observations O = {o1, o2, . . . , oi}.
An individual action a includes parameters such as the 6-

DoF pose, state of the gripper (open or closed), and the
use of collision avoidance by the motion planner to achieve
an intermediate pose, denoted by a = {apose, aopen, acollide}.
Observations o entail RGB-D imagery from an array of
cameras, utilizing four cameras in simulated experiments
osim = {ofront, oleft, oright, owrist} and two cameras in real-
world scenarios oreal = {ofront, oworkspace}.

In every demonstration ξ, we identify a subset of piv-
otal actions {k1, k2, . . . , km} ⊂ A as keyframes. Each
keyframe action k is linked to a specific basic action in-
struction I , which explicates the primary movements exe-
cuted from the preceding state to the current one, noted as
{I1, I2, . . . , Im} ⊂ I.

At intervals of every ten frames within each demonstration
ξ, we extract the corresponding observation o to construct a
dataset consisting of {o, knext, Inext, g}. Here, knext represents
the action required to proceed to the next key state, Inext rep-
resents the textual description of this action, and g represents
the skill task instruction.

C. Fine-Tuning Multimodal Large Models

The upstream command model of LLaKey takes images
from the mechanical arm’s left and right shoulders, as well as
images facing the direction of the arm. These images, com-
bined with instructions, are fed into the projection module,
forming the large model’s input tokens. The output is basic
action instructions, which are then taken as linguistic inputs
by the downstream action model.

We use LLaVA [34] as our pre-trained multimodal large
model in our research. LLaVA integrates LLaMa2-chat [35]
as our “brain”, and the pre-trained CLIP visual encoder ViT-
L/14 as our perception component.

Specifically, for an input image Xv , it is encoded into
a visual feature Zv = g(Xv). The grid features before
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Fig. 4: The input sequence is used to fine-tune the model.

and after the last Transformer layer are connected into the
word embedding space of the language model through a
simple linear layer, which is a trainable projection matrix
W . This converts Zv into language embedding tokens Hq

that match the dimensionality of the word embedding space
in the language model:

Hv = W · Zv, with Zv = g(Xv) (1)

To define a target for Vision-Language Model (VLM) fine-
tuning, we construct our dataset as shown in Figure 4 to
fine-tune LLaVA. This includes system messages, images
from multiple perspectives of the robotic arm, and corre-
sponding descriptions of the image locations. In our current
implementation, Xsystem-message is set to “You are a helpful
language and vision assistant. You are able to understand
the visual content that the user provides and assist the user
with a variety of tasks using natural language.” The stop
token is defined as STOP = <\s>. Xinstruction is formulated
as “Task: {user input}, please instruct the robotic arm’s next
action based on the current images.” The model is trained to
predict the next action description and identify where to stop.
Consequently, only the green sequence/tokens are utilized to
compute the loss in the auto-regressive model.

It is noteworthy that, to equip LLaVA with the capability
for action commanding, two distinct abilities are essential.
The first is the error correction ability, which is the capacity
to judge whether an action command has been completed.
The second, termed sequential prediction ability, is crucial
for accurately predicting the next action command upon
the completion of a current one. The variation in distances
between keyframes across different tasks, especially when
some are extremely close to each other, leads to data
scarcity, presenting challenges for LLaVA. For obtaining the
mentioned above abilities, we first ensure that the amount
of data between keyframes is sufficient to address data
imbalance, essential for the error correction ability. Then, for
the sequential prediction ability, we replicate the data from
keyframe to keyframe multiple times, thereby increasing
the sampling rate and maintaining a balance between error
correction and action prediction.

D. Action

We choose RVT as our action model. Notably, in the
training data of RVT, the timestep of the current environment
in the task is also included. However, since LLaKey focuses
on performing actions based on action instructions, the action
model does not need to know which phase of a complex task
it is in, so we opt to remove this timestep information. For the
loss function, we employ the cross-entropy function on the

Algorithm 1 LLaKey
Require:
token(−): Text Encoder
g(−): Visual Encoder
W : Projection matrix for visual features
f(−): Large Language Model (LLM)
Action(−): Action Prediction Model

Input:
C: A user command
X1...m

v : Images from m different perspectives
D1...m

v : Descriptions for X1...m
v

Parameters:
Inext: Next action instruction
A: 6-DoF pose, state of the gripper

1: Ipre = 0
2: while not end of task do
3: prompt =

⊕m
i=1(token(Di

v)+W ·g(Xi
v))+token(C)

4: Inext = f(prompt)
5: A = Action(Inext, X

1...m
v )

6: if specific conditions in Inext then
7: Modify A accordingly
8: end if
9: if Inext = Ipre then

10: number+ = 1
11: end if
12: if number > threshold then
13: A = A+Arandom
14: end if
15: Ipre = Inext
16: Execute A in the environment, updating state
17: end while

heat maps of each image. The ground truth is modeled using
a truncated Gaussian distribution around the 2D projection
of the 3D ground-truth location, with the variance gradually
decreasing during training until it stabilizes at a fixed value.

The action model evaluates whether basic action instruc-
tions include non-quantitative language, such as “grab” and
“release”, before it executes the action. If such language is
present, the model adjusts the related joints accordingly. It’s
important to note that if command model does not recognize
the completion of the current instruction, it may repeatedly
send the same one. If the action model’s response to the
current environment and instruction is minimal, the entire
framework could stall at this point. To address this issue,
we enable the action model to track the frequency of each
instruction. If an action instruction is repeated more than a
specified threshold, the robotic arm’s gripper is programmed
to probabilistically move to an area within a certain distance
from the gripper’s end. This strategy is designed to introduce
new visual features for command model and the action
model, thereby enhancing their effectiveness.
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TABLE I: Multi-Skill Performance and Comprehensive Predictive Capability. In the notation ‘Model (N)’, ‘N’ denotes the number
of images received by the command model.

Task Type Model (N) Move Move Put Stack Close Open Put in Screw Sort AverageBlock Cup Bulb Wine Jar Drawer Cupboard Bulb Shape

Multi-Skill LLaKey13B (3) 96 91 98 98 78 79 33 59 51 75.9

RVT1 84 52 52 84 42 72 64 42 52 60.4

Comprehensive
Predictive
Capability

LLaVA7B (3) 90.1 87.0 86.6 86.1 88.1 88.6 70.2 86.0 78.2 84.5
88.7 90.5 88.6 86.1 78.1 90.1 74.2 82.0 78.0 84.0

LLaVA13B (3) 94.6 86.8 88.4 84.7 91.1 89.8 71.6 85.3 77.3 85.5
87.6 92.6 92.0 86.7 78.6 87.8 76.6 88.3 77.8 85.3

LLaVA13B (1) 67.4 57.8 66.8 62.0 66.6 76.1 32.9 64.6 34.7 58.7
79.0 64.1 81.1 69.4 61.0 83.0 33.0 53.1 25.0 60.9

GPT4-V (3) 3.8 0 0 0 0 22.1 0 3.2 2.3 3.5
3.2 0 0 0 0 21.0 0 3.0 2.5 3.3

1 denotes using point clouds as input.

IV. EXPERIMENTS

A. Simulation Experiments

Environment. The simulation is set in CoppelaSim [36]
and interfaced through PyRep [37]. All experiments use a
Franka Panda robot with a parallel gripper. The input obser-
vations are captured from four RGB-D cameras positioned
at the front, left shoulder, right shoulder, and on wrist. All
cameras are noiseless and have a resolution of 128 × 128.
Language-Conditioned Tasks. We train and evaluate 5
RLBench [38] tasks, including picking and placing, bulb
screwing, and drawer opening. Each task includes several
variations, ranging from 2-60 possibilities. In the 5 Rlbench
tasks, different variations involve selecting different target
positions or different objects to manipulate, but the action
sequence remains constant. All keyframes from an episode
have the same language goal, which is constructed from
templates (but human-annotated for real-world tasks). These
five tasks each have a fixed sequence of basic actions, hence
are single-sequence tasks. Additionally, we create four multi-
action sequence tasks.

Figure 5(a) has 3 action sequences: inserting a red block
into a purple target, sliding a red block into an orange target,
and pulling a yellow block out toward a blue or green target.
All these sequences correspond to the skill instruction “move
the color block to color target”. Figure 5(b) has 2 action
sequences where red and yellow light bulbs need to be
unscrewed, all corresponding to the skill instruction “put the
color light bulb to the color target”. Figure 5(c) has 4 action
sequences involving inverting cups needing to be pulled out
and rotated, and cups facing upwards needing to be clamped
or slid, corresponding to the skill instruction “move the pose
cup to the color target”. Figure 5(d) has 3 action sequences,
corresponding to the skill instruction “stack the color wine
bottle to the target of the rack”. In total, these custom multi-
action sequence tasks comprise 4 types of instructions, 12
action sequences, and 35 variations.

These variants are randomly sampled during data gener-
ation but kept consistent during evaluations for one-to-one
comparisons. Note that in all experiments, we do not test for

Fig. 5: Overview of our proposed customized multi-action
sequence operational tasks. (a) Move block to a specific color
target, where the yellow block needs to be pulled out. (b) Move
light bulb to a box, with red and yellow light bulbs needing to
be unscrewed. (c) Move cup to a specific color target, where the
upside-down cup needs to be rotated. (d) Place the wine bottle on
a specific spot on the rack, with the yellow wine bottle requiring
rotation.

generalization to unseen objects, our train and test objects are
the same. However, during test time, the agent has to handle
novel object poses, randomly sampled goals, and randomly
sampled scenes with different semantic instantiations of
object colors, shapes, sizes, and categories.

B. Training and Testing

Baseline In an evaluation of performance on 18 tasks in
RLBench, the success rates of various models are as follows:
Image-BC achieves a success rate of only 1.3%, C2F-
ARM-BC reaches 20.1%, PerAct attains 49.4%, and RVT
outperforms them with a success rate of 62.9%. Therefore,
for our comparison, we focus solely on RVT.
Training and Evaluation Details. Just like the baseline, we
use the RLBench training dataset with 100 expert demon-
strations per task (900 demonstrations over all tasks). We
train the RVT model for 100k steps with a batch size of 20,
employing new basic instructions while keeping the rest of
the training configuration unchanged.
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For LLaVA, 200 expert data samples are provided for
custom tasks, and 100 expert data samples for the rest of the
tasks, with each expert data sample taken every 10 frames.
There must be no fewer than 3 data samples between each
keyframe, and any shortfall is randomly supplemented. The
data from each keyframe to the next is repeated 6 times. We
only keep the visual encoder weights frozen and continue to
update both the pre-trained weights of the projection layer
and LLM in LLaVA. For action instructions, we provide 2
to 3 semantically similar variants for each verb. In total,
we design 16 templates, including single actions like “move
to the {pose} of {something}”, “rotate {something} to
{something}”, “grasp (or release) {something}”, and combi-
nations of these actions. We also include actions with implicit
conditions, such as “slide {something} to {something}”,
“screw {something} in (or out)”, “align downward with
{something}”, and specific robotic arm operations like “raise
the robotic arm”. Each template has at most one semantically
equivalent sentence, tailored to meet the training require-
ments of large multimodal models.

For the assessment of multi-task performance, each test
episode is strictly categorized as either a success or a failure.
Our methodology involves computing average success rates
over 25 distinct test episodes for each task, amounting to
a total of 225 episodes across all tasks. To enhance the
robustness of our evaluation, each of the 25 test episodes
per task is repeated six times. We then discard the highest
and the lowest scores from these repetitions to compute a
more representative average. In this testing regime, LLaKey
is programmed to continue executing actions until either task
completion is confirmed by an oracle or a maximum of 25
steps is reached.

For testing the Sequential Prediction Ability and Error
Correction Ability of LLaVA, we employ the same data
collection methods for the test set as used in the training set.
Specifically, for assessing the Sequential Prediction Ability,
we test an average of 241 frames per task, corresponding to
the white rows in Table I. In the case of the Error Correction
Ability, we test an average of 512 frames per task, which
corresponds to the gray rows in Table I. In addition, we also
investigate the impact of different numbers of image inputs
and varying model capacities of multimodal large models on
these two abilities.
Result. Table I in the multi-skill section demonstrates
the multi-skill performance of LLaKey, revealing that our
method surpasses the baseline by 15.5%. Additionally, the
“Comprehensive Predictive Capability” section shows the
impact of varying numbers of input images and different
sizes of multimodal large models on both abilities, where
data on a white background represents sequential prediction
ability and data on a gray background indicates error correc-
tion ability. We observe that a 13B model with inputs from
three images taken from different perspectives achieves an
effectiveness of 85% in both abilities. Figure 6 illustrates
LLaKey’s ability to roll back tasks in the event of unex-
pected situations, indicating its capability to re-arrange basic
actions and re-execute skill tasks effectively in four types of

unforeseen circumstances. Additionally, we train for direct
action prediction with LLaVA, following the RT-2 approach.
However, even after increasing the expert data for each task
to 400, we do not achieve favorable results, thus, these results
are not published in Table I.

C. Real-World Experiments

We assess the performance of LLaKey on real visual
sensory data by training and testing the model in a real-world
setup.
Real World Setup. We conduct our experiments on a table-
top using a statically mounted Universal Robots UR3 arm.
The scene is perceived through a Realsense d435i (RGB-
D) camera, statically mounted in a third-person view. Before
feeding into the motion module for training, we calibrate
the robot camera extrinsic and transform the perceived point
clouds to the robot base frame.
Tasks. We design two skill tasks for manipulating toys
and cups, respectively, with each task having two different
operational sequences corresponding to the same type of
skill command. As shown in Figure 7, (a) is one operation
sequence of the toy manipulation task, where toy located
inside a cabinet need to be extracted. Another involves the
pick-and-place of toy on a table. Both operations correspond
to the same skill command, “Move something into the plate”
(b) is an operation sequence in the cup manipulation task,
where an upside-down cup needs to be lifted, rotated, and
then placed into the plate. Another operation involves a cup
facing upwards, which is gripped from one side of the rim
for pick-and-place. Both of these operations correspond to
the skill command, “Put something into the plate”.
Data Collection. We initially collect a dataset for the motion
module training through human demonstration. Given a
sequence of basic actions and scene configuration, we ask
the human demonstrator to specify a sequence of gripper
target poses by kinesthetically moving the robot arm. Once
we have the sequence of target poses, we reset the robot
to its start pose and then control it to sequentially move
to each target pose in the specified order. We concurrently
record the RGB-D stream from the camera as the robot
moves toward the targets. For the commanding data of the
multimodal large model, we instruct the robotic arm to move
randomly within a 5cm radius horizontally at the position
corresponding to each keyframe. We record images from
two perspectives: facing the robotic arm and facing the
workspace. These images are then manually annotated with
basic action instructions. This provides us with a dataset
of RGB-D frames paired with target pose and basic action
instructions. In total, we collect 10 expert data for each action
sequence.
Result. We apply the same training method to real-world data
as we do in the simulation environment. For each operation
sequence of every task, we conduct ten repeated tests. In
the toy manipulation task, the action sequence involving the
extraction of toys achieves a success rate of 100%, while the
2D pick-and-place operation on the table has a success rate of
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Fig. 6: Overview of LLaKey’s task rollback capability in response to unexpected situations. (a) the object accidentally falls during
movement, (b) a failed grasp that also obstructs the object, (c) a failed grasp that changes the object’s position, and (d) a failed grasp
with the gripper closing.

Fig. 7: Examples of LLaKey in the real world. (a) Extract toys from the cupboard, (b) Flip an upside-down cup.

60%. In the cup manipulation task, the short sequence pick-
and-place task reaches a success rate of 80%, whereas the
longer sequence involving lifting and inverting tasks achieves
a success rate of 60%.

V. CONCLUSIONS AND LIMITATIONS

We propose an innovative framework named LLaKey,
which not only enhances the downstream action model’s
understanding of action semantics, thereby improving its task
execution capabilities, but also stimulates the upstream com-
manding model’s error correction ability and sequential pre-
diction ability. It progressively advances the task towards the
next key state until completion. The framework demonstrates
outstanding capabilities in both simulated environments and
the real world. Regarding limitations, our framework is
constrained by the capabilities of the multimodal large model
and the action model. We show poorer performance in tasks
involving the stacking of multiple identical objects, as we
cannot annotate the relationship between the positions of the
objects and their stacking locations.
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