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Abstract: Humans often use natural language instructions to control and interact
with robots for task execution. This presents a significant challenge for robots,
as they have to not only comprehend and link human commands with robot ac-
tions but also have a semantic understanding of operating scenes/environments.
To address this challenge, we present a vision-language-conditioned learning pol-
icy for robotic manipulation. Given a scene image, we utilise a vision-language
model (GPT-4o) to realise a semantic understanding of the scene and its con-
stituent object detection and grounding. Our approach takes a limited set of im-
ages to reveal the spatial-temporal relationship of the objects. Then, we develop a
GPT-o1-driven approach to performing logic reasoning behind language tasks and
high-level control code generation. With the establishment of 6D pose estimates, a
language-perception-action method is proposed to link language instructions with
robot behaviours for robotic manipulation. The performance of the developed
approach is experimentally validated through industrial object manipulation.

Keywords: Vision language models, GPT-o1, robot learning, robotic manipula-
tion

1 Introduction

Robots capable of understanding human instructions can enhance the performance of robotic inter-
action and manipulation, particularly in scenarios requiring robotic support for handling unknown
objects [1, 2]. However, leveraging natural language commands for robotic manipulation and in-
teractions within uninstructed/open-world environments remains a challenge [3]. For this purpose,
robots need to have the capability of not only parsing and comprehending natural language in-
structions but also realising semantic understanding of unknown interaction environments [4, 5, 6].
Understanding the scene the robot is operating is the first step toward language-guided robotic ma-
nipulation [7, 8], but is still an open challenge. The existing methods of scene understanding such as
3D scene graph [9], neural radiance fields (NeRF) [10], Voxel [11], and volumetric scene [12] have
been reported in the literature [13]. However, fine-grained description and detection of the robotic
scene for downstream tasks remain a challenge, which we aim to address in this study.

In parallel, advances in foundation models have enabled open-world object manipulation given nat-
ural language instructions [14, 15, 16, 17]. Specifically, language-conditioned/guided robotic ma-
nipulation has been widely explored to bridge natural-language task instructions with robot action
[18, 19, 20, 21]. The existing studies mainly focus on conventional table-top object manipulation
and open-vocabulary robotic manipulation [22, 23, 24]. However, complex tasks (e.g., assembly) of-
ten need multi-stage robotic manipulation and long-horizon context language understanding. Also,
robots cannot operate alone within certain environments, and they have to rely on visual and spa-
tial data with language to understand complex commands [25, 26, 27]. To close these limitations,
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vision-language models (VLMs) are utilised to serve as a bridge between visual and linguistic infor-
mation, facilitating the handling of a wide variety of vision-language tasks [17, 28, 29, 30]. However,
these models demonstrate low or limited reasoning capabilities for language-based tasks and often
need extensive guidance or additional information for long-horizon complex language tasks [31, 32].
More recently, OpenAI released a preview of GPT-o1—a new series of AI models designed to spend
more time thinking before they respond, and it excels in advanced reasoning for complex tasks [33].
Therefore, leveraging the GPT-o1 to solve harder language tasks seems to be a promising solution.

To close the gaps, we present a vision-language-conditioned learning policy for fine-grained scene
understanding and robotic manipulation. For a robotic scene, a vision-language model built on
GPT-4o is adopted for fine-grained scene segmentation and language-conditioned object detection
and grounding. Given language task commands, a GPT-o1-preview-driven learning and reasoning
policy is developed to perform control logic reasoning behind language tasks and generate high-level
control commands associated with control steps. Upon establishment of the 6D pose, our method
links language instructions with robot actions for fine object manipulation and task execution. The
effectiveness of the developed method is experimentally validated by a set of tests for industrial
object manipulation. The remainder of the paper is organised as follows. Section 2 presents related
work. Section 3 presents methods and experimental results. Finally, Section 4 draws conclusions
and highlights future work.

2 Related work

Robotic scene representation and understanding Robotic manipulation in open-world environ-
ments demands spatial and semantic understanding of the scene in which a robot is functioning
[25, 22]. Specifically, a robot not only needs to detect and localise the objects within the scene
for manipulation but also has to know how to grasp the object based on 3D neural representation
[34, 35, 36]. We refer readers to [37, 38] for an overview and applications of 3D neural represen-
tation. The concept of neural feature field was widely investigated to distil 2D information into
a view-consistent 3D field representation [39]. As an example, NeRF has been utilised for neural
representation of 3D scenes and also applied for a wide range of robotic tasks (e.g., manipulation)
[10, 40], but NeRF-based approaches struggle with high computational cost and long training and
rendering time [41, 42, 43]. Gaussian splatting, on the other hand, represents the environment by
distributing 3D Gaussian across the scene to model geometry and appearance, combined with a fast
rasterisation-based renderer [42, 44]. It can provide fast training and rendering, but sacrifices some
accuracy and detail, especially for complex scenes [45, 46]. Unfortunately, the adoption of these rich
representations for scenes alone is often inadequate in robotic manipulation. Specifically, to achieve
robot manipulation, object pose will have to be integrated with 3D rendering and reconstruction
techniques, which enables the robot to detect and localise grasp affordances on the object [47, 48].
Recently, leveraging VLMs coupled with open-set object detection methods (e.g., CLIP [49] and
grounding DINO [50]) for zero-shot performance provides fine-grained pixel-level features used for
detailed object detection and visual grounding [51, 52]. Furthermore, FoundationPose presents a
unified foundation model for 6D object pose estimation and tracking [53], especially for robust pose
estimates for novel objects using a small number of reference images. In this study, we leverage
their complementary strengths of using VLM+grounding DINO for fine-grained scene representa-
tion and object detection and of using FoundationPose for fast and second-level pose estimate, and
the unique combination can handle scene understanding with its constituent object detection and 6D
pose estimate for object manipulation in a dynamic environment.

Foundation models for robotics Foundation models such as CLIP [49] and SAM [54] have been
actively explored and utilised in robotics such as robotic manipulation, robot learning, and zero-
shot task performance [24, 55, 56, 57]. For example, large language models (LLMs) can provide
common-sense reasoning, code generation, decision making and robot control [4], while VLMs
enable open-vocabulary visual recognition [58]. However, despite showing promises for high-level
task planning, language-guided object manipulation of LLMs/VLMs often limits complicated tasks
that often need multi-stage and long-horizon language-condition task execution [59, 60, 61]. A task
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is often composed of multi-stage sub-task execution. Each stage task requires planning and decision-
making based on the previous step and can be completed by a set of robotic manipulations such as
picking and placing [62]. On the other hand, open-world robotic manipulation (e.g., Splat-MOVER )
enables language-guided and multi-stage execution for a simple task [47], but there lacks an effective
control logic reasoning behind language tasks. For ambiguous or implicit language tasks, the success
of the task execution heavily relies on context-aware reasoning and situational memory of previous
stages [63, 64]. The control logic behind the task reflects the thought of how to complete the task step
by step, and it is similar to the chain of thought (CoT) that enables complex reasoning capabilities
through intermediate reasoning steps [62]. The success of logical reasoning reveals a coherent
task plan and decision-making process during each step but requires contextual understanding and
comprehending previous actions. More recently, GPT-o1 models, trained via reinforcement learning
to consistently employ CoT reasoning, excel in advanced reasoning for complex task solving [33].
In this study, we utilise its advanced reasoning capability to control logic reasoning behind language
tasks. Further, language-action models establish a pipeline to link control steps (as intermediate
variables of language instructions) with robot actions in a supported output modality (high-level
codes).

3 Methods

We discuss: 1) How to realise fine-grained scene understanding and its constituent object detection
through a VLM? 2) How to use the GPT-o1 model to perform control logic reasoning behind lan-
guage tasks? 3) How to generate robot actions from visual observation and language instructions?

3.1 Scene understanding and fine-grained object detection

VLM-based scene representation processes the image of the scanned scene along language prompt of
users to realise semantic and spatial understanding of the scene and its constituent object detection.
The language task is parsed from semantics to extract the predicate (actions) and object (components
to be acted on). Then, with the support of visual grounding [50] and SAM 2 [65], a detector built on
the text-based object is adopted to perform fine-grained object detection.

Robotic arm on black table (TL), mobile robot (CR), second robotic 
arm (BL), wooden table with tools (TR), engine block in crate (BR)
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Describe this robotic scene, identify its constituent elements, 
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Figure 1: (a) Vision-language-guided robotic scene understanding; (b) Scene segmentation and its
constituent object detection; (c) Language-conditioned fine-grained object detection and grounding.

Subject Predicate ObjectSemantics:

Language
Task:

Plan: Part to be acted onExecutor Action 

A robot pickups a component

Figure 2: Semantics-based language instruction
parsing

Here, we use GPT-4o [66] which accepts both
texts and images as the VLM. The scene image
of a customised robotic work cell, as a zero-
shot sample, is scanned by an onboard camera
and fed into the VLM. A user prompt of ‘de-
scribe this robotic scene, identify its constituent
elements and their spatial relation’ is given to
output the text description. Given the long-text
output, a semantic-based crop method is devel-
oped to simplify the text with a focus on ob-
jects. As shown in Fig. 1 (a), the result is ‘robotic arm on the black table (TL), mobile robot (CR),
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second robotic arm (BL), wooden table with tools (TR), engine block in crate (BR)’ in a simplified
format, in which ‘T, B, L, R, C’ represent ‘top, bottom, left, right, centre’, respectively. In addition,
we performed scene and its constituent element segmentation using SAM 2 with the input of a raw
image (Fig. 1 (a) (right)), and the results (Fig. 1 (a) (left)) show masks of all of the objects with
different colours. The masks of the objects will be used for downstream tasks (e.g., pose estimate
and object manipulation).

However, detection and description for small-sized objects is insufficient, given the detection results
only for major objects. For robotic manipulation (e.g., object grasping), fine-grained and detailed
object detection is needed. Given a language task (e.g., ‘pickup and then place valve cover on
table near engine) as shown in Fig. 1 (b), a semantics-based command parsing method extracts
the predicates (actions) and objects (component to be acted on) of the text as shown in Fig. 2,
and they are ‘pick-placing’ actions and ‘valve cover, table, and engine as objects’. These words of
the objects are defined as input to the open-vocabulary object detection that combines grounding
DINO (1.5) and SAM 2 [67]. The objects of two tables and the engine are pinpointed with their 2D
spatial locations with bounding boxes and text labels, but the valve cover was not accurately detected
given its tiny size such that the robot cannot know where it is and how to pick it up. To address
this problem, a fine-grained object detection scheme is employed for small-sized objects through
comprehending multiple images from different view fields. As shown in Fig. 1 (b), a new scene
image from a different view field within the same workspace is captured to be fused for fine-grained
scene description. Here, the texts of ‘valve cover’, ‘ignition coil’, and ‘mobile robot’ are defined
as inputs to open-set object detection and grounding. The result shows they are accurately detected
with bounding boxes and coloured masks. Through the query to the GPT-4o, the mobile robot can
understand spatial relations with the valve cover and localise by comprehending the content of these
two scene images. Specifically, the GPT-4o combines information from these two scene images and
reasons the spatial relationship among the identified objects within the scene image of Fig. 1 (a).
Finally, the GPT-4o pinpoints that the valve cover is placed on the table to the left of the mobile
robot. The spatial relation and location of the object are critical to downstream tasks/actions. For
example, it can guide the robot to move to the table when executing actions. After the robot docks
in front of the table, the camera can detect and identify the valve cover and ignition coil with masks,
bounding boxes, and text labels, which are used for robot grasping. This is realised by running
algorithms of visual-language-guided object detection (presented in the following section).

We also tested how small the size of the object can be detected as shown in Fig. 1 (c), and the text
of the object is ‘ignition coil, screwdriver, box, and screws’ works as open vocabularies for object
detection. The results show that the physical objects grounded with open vocabularies are correctly
identified and masked. Especially, the success of three small screws in the box demonstrates the
performance of the model on small-sized and fine-grained object detection.
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Figure 3: Neural representation and pose estimate of an unknown
object (valve cover).

However, 2D information of the ob-
ject alone is often inadequate in
robotic manipulation, and its 3D
representation and pose information
is required. For this purpose, we
adopted a unified foundation model
for 3D representation and 6D pose es-
timation [53]. It starts with the col-
lection of an RGB-D video stream of
novel objects by a depth camera and
segments the video into frames and
masks by an online video segmenta-
tion network. Each frame consists
of RGB and depth images. Together
with camera parameters, RGB-D im-
ages and masks are input to object
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field modelling that learns geometry and appearance information. Once trained, the neural field
with colour and depth rendering and marching cubes is used to build and render 3D neural repre-
sentation of the object built on texture meshes. In parallel, the coarse pose of the current frame is
initialised by translation and rotation operations. Then, new frames are iteratively added to an online
pose graph refiner to get a fine pose estimate of the object. We use an industrial object as an example
to demonstrate this process, and Fig. 3 shows the results of neural representation and pose estimate
of the valve cover. The adopted method can be employed for 3D representation and pose estimates
for other objects.

3.2 Language-conditioned control logic reasoning

Leveraging LLMs (e.g., GPT-4 and its variants) for high-level robot task planning have been reported
in [55]. However, the adopted models heavily rely on the prompt design for the desired results, and
also different models exhibit different behaviours when given the same prompt. Additionally, they
struggle with coherent and consistent comprehension of action-level logic hidden within language
tasks [25]. Therefore, given the advanced reasoning capability of GPT-o1, we explore utilising it for
control logic reasoning behind language tasks for robotic manipulation, and it is expected to provide
a solution to multi-stage and long-horizon language tasks. We start with creating a scenario content
that describes robotic working scenarios and robot skill primitives as shown in Fig. 4 (a). It is to
allow the model to understand robotic tasks and scenarios, and in-context examples are given to align
outputs with expected results. The details of the scenario content are listed in Appendix.A2. Here,
we designed a closed-loop reasoning pipeline to evaluate and analyse the feasibility and consistency
of control logic reasoning. It adopts a reasoning-validation-generation policy for consistent and
robust outputs. In the reasoning stage, a text-based task is given as an input through “QUERY”, and
the command of ‘model = ‘o1-preview’’ is run for output of the control logic of the given language
task. Specifically, how many control steps needed for this task will be analysed and generated
step by step. Before direct output, they are defined as inputs into the reverse reasoning module
for validation and evaluation. All of these control logic steps are analysed by step-by-step action
simulation, and it is to test whether a robot performing these control steps can finish the targeted
object manipulation and then give an evaluation. Finally, the control logic steps with validation will
be generated. Subsequently, high-level control codes are generated by in-context example learning,
in which the object of text-based control steps is segmented and given to variables of high-level
control codes. Compared with existing methods (e.g., code as policy [68]), the proposed approach
only needs brief and clear instructions without the need for extensive guidance (e.g., CoT prompts).

Text task: “pickup ignition coil on table”, and “place it on table near 
engine”

Control logic behind text task
Prompt

GPT-o1-preview Language task

GPT-o1
-preview 

Logic
reasoning

Reverse
reasoning control step

Control codes
re-planer

Step 1: Move to the ignition coil 
on table.
Step 2: Grasp the ignition coil.
Step 3: Move to the table near 
the engine.
Step 4: Release the ignition coil.

High-level code

robot.move_to_object('ignition 
coil')
robot.grasp('ignition coil')
robot.move_to_object('table 
near engine')
robot.release('ignition coil')

thinking

Closed-loop reasoning   

credits

(a) (b)

Figure 4: (a) GPT-o1-driven control logic reasoning behind language task; (b) Linking control steps
with high-level code generation.

As an example, the language command is given by pickup ignition coil on table’ and ‘place it on
the table near engine’ or similar texts as shown in Fig. 4 (b). Firstly, the GPT-o1-preview performs
control logic reasoning. The words used for open-vocabulary object indexing and detection are
extracted from a subject-predicate-object semantic perspective. Here, we assume that the actions
are always performed by a robot. Then, the predicate and object for open vocabularies are ‘pickup-
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place’ actions and ‘ignition coil’ (component to be acted on), respectively. Here, the object index
of ‘engine’ is to distinguish two tables in the robotic scene as shown in Fig. 1. The control logic
behind the language task is reasoned and output the step numbers as well as specifications of each
step, and then they are verified and validated step by step with an evaluation. Finally, the final output
is shown in the block of “Control logic behind text task”, and 4 control steps are involved. These
control steps are then defined as inputs to generate high-level control codes. Each control step is
represented in the form of texts and is composed of predicates and objects. Similarly, the semantics-
based instruction parsing method is adopted to extract predicate and object indexing, which is used
for determining robot actions from skill primitives and objects to be acted on. Specifically, for
control step 1 (move to the ignition coil on table), the action that determines the code type is a robot
motion, and the object that the robot approaches is the ‘ignition coil’. Finally, the code is represented
as ‘robot.move to object(‘ignition coil’). Conversely, the robot action of control step 2 is
the ‘picking-up’ operation, and the code is ‘robot.grasp(‘ignition coil’)’. All of the high-
level control codes are shown in the “High-level code” block. The GPT-o1-preview takes 11 seconds
for comprehending the prompt instruction and 12 seconds for result output through the reasoning-
validation-generation process. These high-level control codes cannot work alone and need to be
integrated with low-level robot actions through a language-perception-action loop, which will be
discussed in the next section.

Table 1: Success rate of logic reasoning behind language tasks using
GPT-o1-preview (w/wo: with/without query)

Object Ignition coil Valve cover Screwdriver
Implicit task (wo) 2/5 3/5 1/5
Implicit task (w) 5/5 4/5 4/5

Explicit task 5/5 5/5 5/5

We use a set of language
tasks for three objects (ig-
nition coil, valve cover,
and screwdriver) to test the
consistency and performance
of using GPT-o1-preview
for task reasoning. These
language tasks are defined
within the robotic scene and
are represented by implicit and explicit instructions. An explicit instruction defines a concise and
complete language task (e.g., ‘pickup valve cover on the black table’). While an implicit instruction
represents an ambiguous or incomplete language task. As an example, ‘pickup and then place
ignition coil on the table near engine’ has an ambiguous definition of where the ignition coil is.
The control logic reasoning behind such language tasks may rely on either context-aware guidance
or additional contexts. For this purpose, we add a query mechanism to allow the LLM to ask for
more information if having an implicit representation. For example, the LLM can ask where the
ignition coil is for the pick-up operation, which is to make implicit instructions explicit. We start
with implicit language tasks without and with query, and then with explicit tasks. “Reasoning
success” measures whether the generated logic control steps are feasible for the robot to execute,
which tests both implicit and explicit instructions. Task success rate is reported in Table 1. We
can observe that the GPT-o1-preview shows a low-level reasoning success on implicit language
tasks, due to the absence of context-aware information and key feature information (e.g., object’s
location). Adding the query can obviously improve the accuracy of the control logic reasoning,
where the GPT-o1-review can ask for additional information guidance. For explicit tasks, the
GPT-o1 demonstrates good performance on the control logic reasoning. It should be noted that
weekly rate limits are 30 messages for o1-preview and 50 for o1-mini [33], so that we test with a
limited number of language tasks and more tests can be completed if more messages are allowed.
The details of language tasks are listed in Appendix.A3.

3.3 Link language tasks with robot actions

The high-level control codes in Subsection 3.2 cannot be directly employed on low-level controllers
for robotic manipulation. For this purpose, we present a language-perception-action learning method
for fine manipulation of objects as shown in Fig. 5. It consists of three core modules, namely
language instructions, active perception, and robot actions.
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 get_object_images(obj) 
 object_detect(‘ignition coil’)
 object_pose (‘ignition coil’)

 robot.pick_place(‘ignition coil’)

Active 
perception

 



Robot 
actionLLM

ignition coil 

Pickup ignition coil on table



Vision

ActionLanguage

Figure 5: A language-perception-action pipeline
for fine manipulation of objects.

Given the generated control steps, each control
step is represented as a text command that is
composed of predicates and objects from the
semantics perspective. As shown in Fig. 6, the
text command is tokenised into prompt tokens,
and they are defined text and object tokens. The
object tokens define and represent objects to be
acted on. For example, given the text com-
mand of ‘pickup ignition coil on table’, it is
tokenised into each token that represents each
word of the text instructions. The text token
(‘pickup’) is associated with the grasping action
selected from robot skill primitives, and the ob-
ject tokens of (“ignition coil’) are extracted to
be acted on. They are input to the LLM for ac-
tion token generation.

In parallel, as shown in Fig. 5, the vision per-
ception module is to capture scene images, and
the robot is equipped with an eye-in-hand camera. The camera is initialised to collect RGB-D video
streams via a function of get scene images(obj), and the online video segmentation network
developed in Subsection 3.1 is employed to segment the video into scene image frames. The ob-
tained scene image is shown in the inset ➀. Then, open-vocabulary object detection and grounding
are employed to identify the object. The segmented object (‘ignition coil’) from the text com-
mand is given to the variable of ‘object’ to the function of object detect(‘object’). It is
object detect(‘ignition coil’) and used for fine-grained object detection. Specifically, it
calls the method developed in Subsection 3.1 to segment and identify the ignition coil within the
scene image. It is masked and localised with a bounding box and a text label as shown in the inset
➁. To manipulate the object, the 3D representation of the object as shown in Fig. 2 is overlaid on
the 2D image, followed by the pose estimate for the downstream task of robot actions. This relies
on the established neural representation of the object in Subsection 3.1 and is realised by a function
of object pose(‘ignition coil’). The pose estimate and grasping affordance of the ignition
coil are shown in the inset ➂. Given the language and visual information, the robot action for fine
object manipulation on the low-level controller is generated from the LLM as shown in Fig. 6, which
is represented as an action token. Specifically, the control function of robot action(‘object’)

instructs the robot to grasp the object of ‘ignition coil’ based on its pose estimate (position and
orientation) in the robotic coordinate system (as shown in the inset ➂), and the low-level motion
planner generates the robot paths that perform a top-down object grasping as shown in the inset ➃
and Fig. 6. After completing the robot action, the action token is generated to work as a historical
token that is input to the next language-conditioned control step (e.g., move to table near the engine).

Pickup   ignition   coil  on  table

Prompt tokens

Actions

Text token

Object token

Action token

LLM

(text):
……

Tokens ignition coil

Actions

Pickup ignition coil
Robot.pickup_object(‘igniton coil’)……

Historical token 

Figure 6: Takenisation from prompt to robot ac-
tions.

Given the language task in Fig. 4, the
next control step for the robot is to move
to the table near the engine. It is re-
alised by the high-level control code of
robot.move to object(‘table near

engine’). After picking up the ignition coil,
the motion planner built on the SLAM map
generates robot paths to navigate the robot with
the object to the table near the engine. The
technical details of building the SLAM map
can be found in our previous work [2], which
is not a focus of this study. The robot arm is
subsequently controlled to release the griper
for placing the ignition coil on the table near the engine.
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Table 2: Results of executing object ma-
nipulation by text-based control steps

Object Ignition coil Valve cover
Results 7/10 9/10

We use a set of tests to validate the robustness and per-
formance of the proposed approach that links text-based
control steps to real robot actions. The tests consist
of picking up the ignition coil and valve cover, respec-
tively. Each is measured with ten trails. The difference
between the trails is the position of the objects. The re-
sults are reported in Table 2. We can observe that the execution of the text-based control steps and
high-level control codes shows an acceptable success rate. The failures of picking up the ignition
coil lie in 1) out of the workspace of the robot arm; 2) grasping affordance pinpointing the far-end
of the ignition coil (not centre of gravity); 3) gripper collision with the table. For the valve cover,
the failure is the selection of the grasping point.

4 Conclusions and future work

We present a vision-language-conditioned learning policy for robotic manipulation. Given robotic
scene images and language tasks, we use GPT-4o as a VLM for robotic scene understanding and its
constituent object detection and grounding. It can combine multiple scene images to reason and pre-
dict spatial relationships between the objects as well as fine-grained detection of small-sized objects.
Then, we employ GPT-o1-preview to perform control logic reasoning behind language tasks and
generate high-level control codes, in which a reasoning-validation-generation scheme is developed
to provide consistent and feasible control steps. Finally, we present a language-perception-action
approach to linking language instructions with robot actions for industrial object manipulation.
However, the ‘thinking’ process of the GPT-o1-preview during logic reasoning behind language
tasks often takes time and this can limit wide applications of our methods in robotics, especially
for scenarios requiring real-time interactions and decision making. Our future work will focus on
how to make GPT-o1 timely respond to language tasks and also include reverse retrieval and action-
contextual reasoning and replanning.
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Appendix

A1. Object detection and localisation using GPT-4o

Instructions of using GPT-4o for fine-grained object detection and localisation from multiple scene
images is shown below. Given a language task and a scene image, the GPT-4o performs scene un-
derstanding and its constituent object detection. However, the small-sized object cannot be detected,
and another image within the same robotic scene from a different view is combined to detect and
identify fine-grained object detection.

Image: A scene image of Figure 1 (a) (left). 
Prompt: Please describe this robotic scene, identify its constituent elements, and their spatial 
relationship. 
GPT-4o: This scene appears to be in a laboratory or workshop setting focused on robotics and possibly 
industrial automation.  

Constituent elements: 1) robotic arm (top left on the table); 2) mobile robot (center-right); 3) robotic 
arm (bottom left); 4) wooden with tools (top right); 5) engine block in carte (bottom right). 
Spatial relationships: 

• The robotic arm on the left (orange, uncovered) is placed on a table, likely set up for 
manipulation tasks. 

• The mobile robot occupies the centre-right of the image, in its own designated square. It is 
placed near the wooden table.  

• The partially covered robotic arm is positioned away from the other active workspace 
• The engine block is placed in its own area, indicating that it may either be an object to be 

handled by the robots. 
Image: A raw scene image of Figure 1 (b) (top-right). 
Prompt: This robotic scene is a part of the workspace from a different view. Please tell me which table 
you should go if you need to pickup the valve cover. 
GPT-4o: In this new view of the workspace, the valve cover is placed on the wooden table to the left 
of the mobile robot. If you need to pick up the valve cover, you should go to the wooden table on the left 
side of the image, where the valve cover and another part (possibly a camshaft) are laid out. This is 
likely the same table seen in the previous image, next to the robotic arm and covered in black fabric. 
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A2. GPT-o1-preview for control logic reasoning behind language tasks

We observe that the model exhibits slightly different behaviours when given the same query instruc-
tion in the specific text prediction, especially for implicit language tasks. However, the meaning of
the text output is with high similarity despite slight differences in the terms of the generated texts.
Here, we focus on the demonstration of a pipeline of using GPT-o1-preview for logic reasoning
behind language tasks, rather than design the best prompt for the language tasks in this study. The
pipeline presents key blocks and can be further improved by future study along arising the latest
models. The details of the instructions of using GPT-o1-preview for control logic reasoning behind
language tasks are listed below.

### Instructions  
Suppose you are controlling a robot to perform manipulation tasks by writing control codes in Python, 
The manipulation task is given as a text instruction, and you have to reason the control logic behind the 
given text instruction. 
Before outputting the results, you need to verify and validate whether the generated control steps are 
feasible and sufficient to complete the language task, and then output what you think for verification and 
evaluation as metrics. Finally, you need to generate high-level control code for each control step in 
Python. 
For each given task, please perform the following steps: 
Determine how many steps are involved in the language task. Grasping must be an independent stage. 
Some examples: 

  - "pickup and place one object on location": 
  - 4 steps: "move to object" "grasp object", "move to location", and "release object" 

If you do not know where the object is for handling, and you can ask through query.  
Generate high-level codes for each control step. Some examples: 

  - control step: "move to shelf near wall" or  "move to shelf" or "move to apple on shelf" 
  - code: robot.move_to_object('shelf') 
  - control step: "pickup apple" or similar 
  - code: robot.grasp('apple') 
 

Structure your output in a single python code block as follows for a mobile robot:  
```python  
# Explain how many steps are involved in the task and what each step is about.  
# ...  
num_steps=?  
 
### Control step 1 
def control_step(control_logic, num) 

"""Put your explanation here for reasoning.""" 
 ...  
control_step_{num}="control_logic" 
 

# repeat for more control steps  
...  
``` 
### Reverse reasoning for validation and evaluation 
def validation_control_step(control_step) 

"""Put your explanation here for validation.""" 
 ...  
return cost 

# repeat for more control steps  
...  
``` 
### Output python code block for each control step 
def control_code(control_step) 

"""Put high-level control code associated with each control step here.""" 
 ...  
return code 

 
## Query  
Query Task: "[INSTRUCTION]"  
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A3. Language tasks for logic reasoning

Here, we list implicit and explicit instructions mentioned in Subsection 3.2 as follows:

Implicit instructions: 1) pickup and then place object on the table; 2) handover object; 3) give
me object; 4) pickup object and move to the table; 5) grasp two objects on the table.

Explicit instructions: 1) pickup object on the table and then place it on the table near engine; 2)
handover object on the table near engine; 3) give me object on the table to left of the mobile
robot; 4) pickup object on the table with black cover and move to the engine; 5) grasp two object

on the table near engine. Here, the object represents ‘ignition coil, valve cover, and screwdriver’,
respectively.
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