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Abstract— The language-conditioned robotic manipulation
aims to transfer natural language instructions into executable
actions, from simple ‘“pick-and-place” to tasks requiring intent
recognition and visual reasoning. Inspired by the dual-process
theory in cognitive science—which suggests two parallel systems
of fast and slow thinking in human decision-making—we intro-
duce Robotics with Fast and Slow Thinking (RFST), a framework
that mimics human cognitive architecture to classify tasks and
makes decisions on two systems based on instruction types.
Our RFST consists of two key components: 1) an instruction
discriminator to determine which system should be activated
based on the current user’s instruction, and 2) a slow-thinking
system that is comprised of a fine-tuned vision-language model
aligned with the policy networks, which allow the robot to
recognize user’s intention or perform reasoning tasks. To assess
our methodology, we built a dataset featuring real-world trajec-
tories, capturing actions ranging from spontaneous impulses to
tasks requiring deliberate contemplation. Our results, both in
simulation and real-world scenarios, confirm that our approach
adeptly manages intricate tasks that demand intent recognition
and reasoning.

I. INTRODUCTION

Originally designed to generate robot actions based on
language instructions and observations, robotic controls have
demonstrated an expanding capability to handle a broader
array of manipulation tasks beyond simple pick-and-place
operations. Interestingly, at the heart of this manipulation
model lies an auto-regressive mechanism for trajectory gen-
eration, which offers a direct mapping from an “instruction-
observation” pair to an action space [1], [2]. Can such a
straightforward mechanism truly be the foundation for a
robot aiming to become a general agent, assisting humans
in real-world scenarios? If it falls short, what issues might
challenge this current approach, and what alternative mech-
anisms should be considered?

The literature concerning human cognition offers insights
into these questions. Dual-process model research indicates
that individuals engage with decisions in two primary ways:
a rapid, instinctive, subconscious manner (referred to as
“System 1 or Fast-thinking”) and a measured, deliberate,
conscious manner (“System 2 or Slow-thinking”) [3], [4],
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[51, [6], [7]. Notably, these two systems have been associated
with various mathematical models in machine learning. For
instance, studies on reinforcement learning in both humans
and animals have delved into conditions that prompt either
associative “model-free” learning or the more contemplative
“model-based” planning [8], [9], [10]. The straightforward
associative command-action of the policy network bears
similarities to “System 1. Therefore, it could be enhanced
with a more intentional “System 2” planning approach. This
would involve reasoning that (1) preserves and examines a
range of options for present choices beyond the straight-
forward command like “pick-and-place objects” and (2)
assesses its existing state, proactively forecasting or revisiting
decisions for a more comprehensive perspective.

To design such a planning process, we draw inspira-
tion from the human cognitive system, originated from
Kahneman [7]. We propose a novel language-conditioned
Robotic manipulation framework with Fast and Slow Think-
ing (RFST, in short), depending on the complexity of the
user’s language instruction. As Figure 1 illustrates, while
existing methods simply output the robot’s action via a policy
network, we actively maintain a Think Bank, where each
thought is divided into either a fast-thinking system or a
slow-thinking system that serves as an intermediate step
toward problem-solving. Such a high-level semantic unit al-
lows the robot to self-evaluate the progress different thoughts
make toward solving the problem through a deliberate rea-
soning process or an intuitive action. Finally, we combine
this language-conditioned capability to perform manipulation
tasks. We leverage different models for two types of systems.
As System 1 only involves fast and straightforward thinking,
we allow a simple, shallow policy network to do the jobs.
For difficult tasks that need reasoning or planning, we opt for
a Vision-Language Model (VLM). This model is designed
to either break down the tasks into manageable sub-tasks
or clarify the user’s intent. Subsequently, a policy network
outputs action based on these augmented instructions.

Empirically, we validate the efficacy of RFST across a
spectrum of tasks, ranging from basic pick-and-place and ro-
tation to more intricate tasks such as mathematical and visual
reasoning. While traditional robotic manipulation methods
can address the former tasks, the latter requires systematic
planning or an in-depth search for the true user intention,
challenges that direct policy networks often struggle with.
Our results indicate that RFEST delivers superior performance
on complex tasks in simulated benchmarks. Moreover, we
have curated a dataset featuring real-world trajectories span-
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ning nine tasks: three for fast-thinking systems and six
for slow-thinking systems. Our data reveals that RFST can
adeptly tackle tasks from both categories.

To sum up, our contributions are threefold:

e We present a fast and slow thinking framework for
robotics manipulation that categorizes incoming instruc-
tion into two systems and performs control correspond-
ingly.

o We design a framework for slow thinking, which
leverages the fine-tuned VLM to perform instruction-
observation conditioned reasoning and re-write the in-
struction for robotics affordance.

o We collect a set of real-world datasets, including tasks
like math reasoning and intent recognition, and examine
the effectiveness of our approach on both simulation and
real-world scenarios.

II. RELATED WORK

Reasoning in Language and Vision. Chain-of-thought
(CoT) [11] use a coherent language sequence that served
as a meaningful intermediate step toward problem-solving
of mapping input questions with output language. Self-
consistency with CoT [12] ensembles CoT and prioritizes the
most frequent output. Tree-of-Thought [13] uses a tree struc-
ture to classify input questions into different sub-trees for
the final answer. Least-to-most prompting [14] breaks down
a complex problem into a series of simpler subproblems
and then solves them in sequence. Program-of-Thought [15]
translates natural language into program format, assisting
LLM in mathematical reasoning. Collectively, these “X-of-
Thought” methodologies empower LLM to engage in chats
that demand reasoning.

A recent trend in vision-language models [16], [17], [18],
[19], [20], [21] allows for the comprehension of images and
the provision of answers in natural language, albeit with
constrained reasoning capabilities. These reasoning skills are
realized by integrating large language models [22] with a
vision backbone. Instead, we establish a framework that
discerns the “amount of minds” needed to process the
instruction.

Large Language Model for Robotics. Large language mod-
els possess the power of reasoning. With the advancement
of LLM in the past year, a rising number of projects have
been proposed to use LLM as a high-level model for task
planing [23], code generation [24], navigation [25], [26],
manipulation [27], and action correction [28]. RT-2 [1] intro-
duced an end-to-end model capable of processing tasks with
text and one or more images, producing a sequence of tokens
to control a robot. When integrated with expansive vision-
language models like PaLI-X [29] and PaLM-E [30], RT-
2 demonstrates reasoning within this framework. While the
end-to-end method is indeed appealing, nevertheless, these
networks typically demand vast amounts of training data and
come with considerable computational costs. In contrast, our
proposed RFST allows reasoning, symbolic understanding,
and intent recognition. It maintains the delicate balance of
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Fig. 1: The overview of RFST. We collected a number of
instructions and employed GPT4 [31] for annotation. Upon
receiving an instruction, the robot processes it through Distil-
RoBERTa to obtain an embedding. Leveraging embedding
similarity search, we classified the instruction into either a
fast-thinking system or a slow-thinking system.

high-level reasoning with low-level control models. Further-
more, REST requires significantly less training data, making
it advantageous when paired with extensive datasets.

III. METHODOLOGY

In this section, we provide a detailed description of RFST.
We first give a formal definition of fast and slow thinking.
Then, we introduce the overall framework of RFST and
present our slow-thinking system.

A. Formal Definition of Fast Thinking and Slow Thinking

Given a language instruction z, the policy network is
a mapping function to get an output y. The complexity
of the mapping function py is determined by the x. For
a simple instruction, e.g., pick up an apple, the mapping
function could be simple y ~ pg(x). We consider these
tasks as fast-thinking tasks. When the mapping of input x
to output y is non-trivial (i.e., when x is a math question
and y is the numerical answer), we need to introduce an
intermediate step z to bridge x and y. Then, the mapping
function is y ~ pg(x|z). Our task is to classify the given
instruction as either a fast-thinking system or a slow-thinking
system. Notice that the fast-thinking system can be arbitrary
language-conditioned robot manipulation algorithm that has
been well developed over the past year, e.g., GATO [32],
VIMA [33], RT-1 [1]. Therefore, in the second part, we focus
on introducing our slow-thinking system, which we need to
design the z for correct manipulation meticulously.

B. Overall Framework of RFST

To determine whether an incoming language instruction
corresponds to System 1 or System 2, we have established
an instruction bank comprising many language instructions.

4334



Imagine yourself as a robotic arm interacting with an environment. There are several blocks
available on the table for you to use. We define them as a block dictionary: {block_dict}. The

keys in the block dictionary represent the semantic explanations of the tabletop objects,
while the values are the general descriptions corresponding to those keys.

Define block_dict = {...}

# FORMAT ##

Task format: The format of the task you received will be the following format: Task: Please
rearrange a wrong word <disordered word> to form a correct word <ordered word>.

## Answer format:
The format of the answer you submitted must be in the following format: Answer: step 1: ...
step 2: ...

# EXAMPLES:

Task: Please rearrange a wrong word 'UPG' to form a correct word 'GPU'. Answer: step 1:
pick up the 'green letter U' and place it in any empty space. State: <placeholder>PG step 2:
pick up the 'blue letter G' and place it on the 'left' side of the 'red letter P'. State:
GP<placeholder> step 3: pick up the 'green letter U' and place it on the 'right' side of the

‘red letter P'. State: GPU
Answer:

step 1: Pick up the 'red letter A" and place it in any
empty space. State: ICR<placeholder>

step 2: Pick up the 'yellow letter R' and place it on
the 'right' side of the 'pink letter C'. State: ICRA
step 3: Pick up the 'red letter A' and place it on the
'right' side of the 'yellow letter R'. State: ICRA

=

Fig. 2: An illustrative example of step-by-step task planning
originates from GPT-3.5-turbo. The planning produced by
the LLM serves as the foundation for formulating our text-
image pairs used for VLM training.

Please double check if your answer meets the format requirements of the answer.
Task: Please rearrange a wrong word 'ICAR' to form a correct word 'ICRA".

We employ GPT-4 [31] to simulate a robot. Given specific
scenarios, we prompt GPT-4 to produce a list of language
instructions and specify their association with either Sys-
tem 1 or System 2. Using this curated set of categorized
instructions as our foundational seed, we enable GPT-4
to augment these instructions, reshaping them into diverse
formats while maintaining consistent meaning. After ten
iterations, this process yields thousands of pre-classified
language instructions. Additionally, we go through a manual
review of the generated instructions for accuracy. We give
an overview in Figure 1.

Because the instruction is entirely generated by LLM, it
is obvious that LLM can be used to decide which cate-
gory the user utterances. However, due to the significant
computational demands of LLM, we have been motivated
to seek a more lightweight approach. Toward this goal, we
encode the language and undertake instruction retrieval. The
utterance is embedded using a frozen version of the Distil-
RoBERTa [34], [35] language model, as provided by the
Sentence-BERT [36] project. Supported by an “unnatural
language processing” nearest neighbors index, inference-time
utterances are matched with the closest training exemplars.
These exemplars are then retrieved and processed by the
model. The classification of a given instruction is deter-
mined based on the category of the retrieved instruction.
Empirically, we used 500 instructions from GPT-4 to form
our “Think Bank” and do instruction classification at test
time. In our experiments, this approach can perfectly classify
language instruction.

TASK: Rearrange the step 1: Pick up the 'green  _ _ =\
disordered word 'l}l’fj" o letter U' and place it in any " » Text Image &
form of correct word ‘GPU '/ empty space. ‘,? Encoder | _ . ~wrz=wnsp3— Encoder I -
‘: Is!ep 2: Pick w the 'bluT1 /,"" L - O -0 =3
. : ‘ _ Py kX
gL S R 2]
Large- ! / v‘r i [ ] )
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i
/ | .. -
s step 3: Pick up the 'green letter ! \ | cosine vl—t ‘.
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Fig. 3: An illustration of CLIP computing the similarity
between step-wise text description and observations.

C. Details of Slow Thinking

We illustrate the details of our slow-thinking mode. There
are two key factors in System 2: 1) a vision-language model
that could perform reasoning and intent recognition, given
the language instruction and current observation, and 2) a
policy network that can understand the planning from the
vision-language model to act precisely.

Empower Vision-Language Model with Reasoning and
Intent Recognition. The vision-language models we utilize
in this study accept a text-image pair as input and yield a
sequence of tokens, typically representing natural language
text. These models are versatile, capable of a broad spectrum
of visual interpretation tasks—from deciphering an image’s
composition to responding to queries about individual objects
and their relationships. However, standard pre-trained vision-
language models lack an understanding of the physical world.
Our objective is a vision-language model that not only grasps
the relationship between observed scenes and natural lan-
guage, but can also recognize the user’s intention and provide
logical, step-by-step instructions to guide a robot’s actions.
To realize this, we require a dataset featuring instruction-
observation pairs and the finetune a VLM.

Multi-modal Planning Data Collection. We demonstrate
how to build up our multi-modal instruction data. First of
all, we need to delineate tasks step-by-step, aligned with the
user’s intention. To achieve this, we seek the help of LLM.
We first convert the scene into natural language to ensure
the LLM comprehends it effectively. We use the pre-trained
vision-language model, i.e., BLIP-2 [16], to do the image
caption. Then, for each set of tasks, such as math reasoning,
grammar check, and user’s intention understanding, we draft
a prompt script. This script incorporates in-context learning
and a chain-of-thought approach, enabling the LLM to yield
our anticipated planning or clarify user intentions. We give
an example of the prompt for instruction generation of word
reordering is present in Figure 2. After gathering all the
data, manual verification was conducted. We also include
a number of texts that recognize the user’s intention and
transfer them into actionable instructions for the robot. All
these text scripts are used for training only, and they are
generated by GPT-4. Empirically, we found the majority of
responses from GPT-4 were accurate.

Mapping Sub-goal with Observations. For tasks requir-
ing step-by-step planning, a conventional approach involves
using these steps as instructions and subsequently ground-
ing them into robotic actions. Yet, to ensure the robotic
agent thoroughly understands the instructions, it’s crucial
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to synchronize the instruction with the observation for that
specific step. We advocate the use of CLIP [18] to bridge
visual inputs with text descriptions. By computing the dot
product between the text and image embedding vectors, we
pair a text and image if the result surpasses a threshold
value, denoted as «. In our implementation, « is set to
0.75. Furthermore, we fine-tune CLIP using a limited dataset
from the scene, which we have labeled manually. A brief
illustration can be found in Figure 3. To ensure accuracy,
we manually inspect the data post-processing. Unlike the
planning and user intention understanding derived from GPT-
4 in the preceding step, manual verification is vital since
CLIP’s accuracy can waver if observations between two
consecutive steps aren’t sufficiently distinct.
Vision-Language Model Architecture. We employed the
pre-trained ViT-L/14 from CLIP as our visual encoder, paired
with the LLaMA-2-7B as our LLM [18], [22], [37]. To
maintain modal alignment and facilitate a compatible input
dimension for the LLM, a fully connected layer has been
integrated. This layer transforms the ViT’s output embedding
16 x 16 output embedding V € R16x16x1024 5 1" ¢
[R256x4096 We tap into the robust vision-language capabili-
ties inherent to the text-image alignment [38]. Moreover, we
fine-tune the associated networks, holding the language and
visual embeddings constant. Only the alignment layers are
subject to adjustments.

Policy Networks with Language Instruction. To craft an
efficient multi-task robotic policy, we utilize policy networks
featuring a multi-task decoder architecture. Specifically, our
goal is to derive a robotic policy represented by 7(a;|P, H),
where H := {o01,a1,09,a2, -+ ,0;} encapsulates the tra-
jectory of historical interactions. The o € O and a; € A
denote the observations and actions at each interaction step,
respectively. These policy networks are designed to handle
multi-modal tokens, and for their encoding, we incorporate
multi-modal prompts. The images are processed via a vision
backbone (ResNet-50 [39], [40]) while the text is tokenized.
The image embedding and text embedding are connected
with FILM [41]. The policy network is followed up, and it
consists of three MLP layers with ReLLU activation.

IV. A DATASET OF TWO SYSTEMS

To study our pre-training approach, we collect a large

dataset of real-world robot trajectories. We collect different
tasks that belong to different systems. In this section, we
describe our data collection process and show qualitative
examples from our dataset.
Hardware. We use the Franka robot with a 7-degree-
of-freedom arm, which is equipped with a parallel jaw
gripper (see Figure 4, top). Proprioceptive data, including
joint positions and velocities, are recorded throughout our
experiments. Actions in the joint space are determined by the
differences between successive states. Our workspace boasts
two high-quality D435i RealSense RGBD cameras. We only
use the RGB information in our experiments. One egocentric
camera is attached to the robot’s hand, and one exocentric
camera is positioned at the robot’s front.

Math Reasoning [Slow-Thinking]. Our objective is to
engage the robot in mathematical reasoning tasks, including
equation solving. We present two sets of tasks. The first
requires the robot to directly compute the mathematical
expression presented on a table. The second involves solving
for an unknown variable x. For example, when presented
with an image displaying 11 x 13 =, or 1 + z = 6, the
robot is tasked with completing the equation or substituting
z with the correct number. These tasks are generally single-
step challenges. Their success hinges on the vision-language
model’s capability to comprehend the mathematical reason-
ing within the scene.

Word Correction [Slow-Thinking]. The robot is respon-
sible for correcting word spellings, be it due to incorrect
sequences or specific word designations. These tasks can
range from simple single-step actions to more intricate multi-
step processes. Take, for instance, the task of rearranging
the word “ICAR” to form “ICRA”. This task demands three
distinct steps: 1) pick up the letter “A” and place it in
the empty space, 2) pick up the letter “R” and place it
next to the letter “C”, 3) pick up the letter “A” and place
next to the letter “R”. This kind of task not only tests the
robot’s linguistic aptitude but also its dexterity and ability to
perform sequential operations accurately. The combination
of language and motor skills is paramount to execute such
tasks efficiently.

Sort Cube by Color [Slow-Thinking]. We’ve arranged
several cubes on the table, each coming in one of four distinct
colors. The robot’s task is to identify individual cubes, grasp
them, and then group them with other cubes of the same
color. The complexity of the task stems not just from the
robot’s ability to recognize colors but also from its spatial
reasoning in determining where to place each cube to create
organized color clusters. This challenges the robot’s visual
processing capabilities and its precision in handling objects.
Intent Recognition [Slow-Thinking]. We’ve designed sev-
eral tasks that necessitate visual reasoning. Consider a sce-
nario where an image depicts various foods on a table. If
a user provides the instruction, ”I’m allergic to spicy food,”
the robot would identify spicy items, such as chili or other
spicy ingredients, and relocate them to the opposite side of
the table. This exemplifies a typical situation in which robots
must discern the user’s intent based on verbal directives.
Pick Cube based on Color [Fast-Thinking]. The robot’s
assignment is to grasp a cube according to the color infor-
mation from language instruction.

Pick Cube and Place to left/right box[Fast-Thinking]. The
robot is asked to select a cube by color and put it into a box,
either on the left side or right side, based on the instructions.
Pick Toy and Place to box [Fast-Thinking]. The robot is
asked to pick up a toy put into a box.

Statistics for Data Collection. We collect approximately
2,000 real-world trajectories, where the average length of the
trajectories is around 100. The dataset contains variations in
object poses, shape, and appearance. Objects are randomly
placed on the table. We give multiple examples for our
aforementioned tasks in Figure 4.
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Fig. 4: We collect a dataset with real-world trajectories using a Franka robotic arm. Each trajectory is a sequence of images
from two cameras. We consider multiple tasks that belong to either the fast-thinking system or the slow-thinking system.

V. EXPERIMENTS

In this section, we empirically assess the broad applica-
bility of RFST across diverse tasks in both simulated and
real-world settings.

A. Simulation Experiments

Experiments Setup. We conduct our simulation experiments
on VIMA-Bench [33], built on the Ravens simulator [42]. We
chose VIMA-Bench because this benchmark consists of tasks
that require reasoning and multi-step manipulation. We train
the policy network on all six tasks. We select two tasks as
fast-thinking tasks: rotation and simple object manipulation.
In the “Rotation” task, the robot is instructed to rotate objects
clockwise by specific degrees along the z-axis. The “Simple
Object Manipulation” task involves placing one object inside
another. Both these tasks are executed in a single step.

For more deliberate (slow-thinking) tasks, we selected
four distinct assignments. The “Rearrange the Scene” task
provides a description of the desired scene, instructing the

robot to rearrange objects accordingly. “Visual Reasoning”
requires stacking multiple objects in a specified square se-
quence. The “Stacking Multiple Objects” task delineates the
stacking order, allowing the model to determine the sequence
of object placement. Finally, the “Stack the Same Texture”
task demands the model to identify and stack objects that
share identical textures. A visual representation of these
six tasks can be found in Figure 5. In our experiments,
we use Task 1 and Task 2 to represent the first two fast-
thinking tasks and Task 3-6 to denote the latter four slow-
thinking tasks. For those slow-thinking tasks, we follow our
proposed pipeline to use a trained vision-language model to
give a step-by-step plan. and then feed it into our policy
networks. Please note that in the standard VIMA-Bench,
the instruction comprises both image and text components.
For images that depict the entire scene, we employ LLaVA-
13B [17] to describe the scene and manually correct any
errors. For images representing specific objects, we utilize
the look-up table from VIMA-Bench to convert them into
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Fig. 5: Example of tasks in simulation. We select six tasks in VIMA-Bench [33] and categorize them into fast-thinking and

slow-thinking tasks accordingly.

TABLE I: Success rates on VIMA-Bench over six tasks.
The Tasks 1 and 2 belong to fast-thinking system, and Task
3-6 belong to slow-thinking system. Our proposed RFST
significantly outperforms other methods in accomplishing
slow-thinking tasks, achieving notably higher success rates.

Method Task 1  Task 2 Task3 Task4 Task5 Task 6
Gato 37 50 11 18 22 16
Flamingo 39 37 15 25 34 14
VIMA 58 52 27 17 31 26
RFST (Ours) 60 49 36 47 42 35
100 - )
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Fig. 6: The experiments on the real robot. Orange Bars:
Slow-thinking tasks. Blue Bars: Fast-thinking tasks. RFST
empowers real robots to execute complex tasks such as
mathematical reasoning and intent recognition, which were
traditionally beyond the scope of conventional robotic ma-
nipulation techniques.

text. We train our model with 2M parameters. The number of
training trajectories for each task is 1,000. We mixed rotation
and pick-and-place task data to train a fast-thinking policy
network. Each task is evaluated with 20 trials, where objects
are randomly placed.

Baselines. We compare our model with GATO [32],
Flamingo [43], and VIMA [33]. Gato is a decoder-only gen-
eralist agent. Flamingo is a state-of-the-art vision-language
model. VIMA is a multi-task robotic manipulation model
that receives multi-modal prompts. We follow the publicly
released code in VIMA to implement their methods. For fair
comparisons, we use text-only prompts in all experiments.
All methods are trained on the same amount of data.

Main Experimental Results. Table I presents the experi-
mental results. It can be observed that our model does exhibit
superiority in fast-thinking tasks. For example, while we
surpass VIMA by 2% on Task 1, we lag behind by 3%
on Task 2. However, upon examining slow-thinking tasks,

our approach demonstrates notably superior performance
compared to the baseline. These outcomes underscore the
importance of devising an appropriate intermediate step
z for addressing complex tasks. Such tasks may require
capabilities like reasoning and symbolic understanding.

B. Real-world Experiments

We conduct experiments on real-world robotics manip-

ulation tasks to give a full comprehension of RFST on
intent recognition, reasoning, and symbolic understanding.
The real-world experiments are more challenging due to
imperfect camera sensors and increased object quantity and
diversity. For each task, we conduct ten trials, and the objects
are randomly placed on the table.
Experimental Results. Figure 6 demonstrates the experi-
mental results from the real-world experiments. On the right
are the tasks that involve slow thinking. Our proposed RFST
achieves good performance, especially on two reasoning
tasks: math reasoning and intent recognition. The relatively
low success rate of word correction is due to the size of a
word being too small and non-regular, which makes it hard
for the gripper to grasp it successfully. It is worth noting
that our framework succeeded in intent recognition on eight
out of ten trials, underscoring its exceptional capability in
handling intricate tasks demanding human-like cognition.

VI. CONCLUSION

We introduce an approach to robotic manipulation that
seamlessly addresses both straightforward tasks and intri-
cate tasks demanding visual reasoning, all within a unified
framework. Our strategy emphasize the dual system humans
employ: “System 1” for rapid, intuitive actions and “System
2” for more deliberate, contemplative thinking. To opera-
tionalize this, we have crafted tools that encompass instruc-
tion classification — determining which system an incoming
instruction pertains to — and refining a vision-language
model for visual reasoning. This aids policy networks in
executing multi-step manipulations. Our method’s efficacy
is demonstrated in simulations requiring multi-step control
and actual robots executing a gamut of tasks.
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