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Figure 1: Illustration of the functionality of our vision-language programmer, Octopus, in the developed

OctoGTA environment. Given a task in the form of natural language, Octopus relies on its egocentric vision
to generate plans and the corresponding executable code.

ABSTRACT

Large vision-language models (VLMs) have achieved substantial progress in mul-
timodal perception and reasoning. Furthermore, when seamlessly integrated into
an embodied agent, it signifies a crucial stride towards the creation of autonomous
and context-aware systems capable of formulating plans and executing commands
with precision. In this paper, we introduce Octopus, an embodied VLM designed
to 1) proficiently decipher an agent’s visual and textual task objectives, 2) formu-
late intricate action sequences, and 3) generate executable code. Our design allows
the agent to adeptly handle a wide spectrum of tasks, ranging from mundane daily
chores in simulators to sophisticated interactions in complex video games. Oc-
topus is trained by leveraging GPT-4 to control an explorative agent to generate
training data, i.e., action blueprints and the corresponding executable code, within
our experimental environment called OctoVerse. We also collect the feedback
that allows the enhanced training scheme of Reinforcement Learning with En-

vironmental Feedback (RLEF). Through a series of experiments, we illuminate
Octopus’s functionality and present compelling results, and the proposed RLEF
turns out to refine the agent’s decision-making. By open-sourcing our model ar-
chitecture, simulator, and dataset, we aspire to ignite further innovation and foster
collaborative applications within the broader embodied AI community.
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1 INTRODUCTION

With the rise of large language models (LLMs) (Radford et al., 2019; Brown et al., 2020; Ouyang
et al., 2022; Touvron et al., 2023; Chiang et al., 2023), a subsequent surge in vision-language mod-
els (VLMs) emerged (Alayrac et al., 2022; Awadalla et al., 2023; Li et al., 2023d;b). This evolution
has expanded machine capabilities, enabling tasks such as accurate image or video-based descrip-
tions (Li et al., 2023d), reasoning (Xie et al., 2023; Chen et al., 2023), and conversations (Dai et al.,
2023; Li et al., 2023b). In the realm of embodied AI, notable efforts like SayCan (Ahn et al., 2022),
Palm-E (Driess et al., 2023), and RT-2 (Brohan et al., 2023) have trained on robot manipulation data,
so that the agents process visual input and relay precise robotic motor control commands.

Parallel to this robot manipulation approach, another methodology to interact with the environment
focuses on task execution through code invocations. This paradigm mirrors our inherent human
System-I stimuli, characterized by instinctive actions akin to predefined code. Conversely, the more
contemplative System-II processes, which involve planning and reasoning, may be better suited for
large models. For example, referring to Figure 1, planning a car ride with a pet might entail a
subconscious checklist: getOutOf() the house, check() for the pet outside, approach()
the pet, letFollow(), and then open() to moveIn() to the car. In fact, such a “program-
matic” paradigm has been, although not in vision, leveraged by pioneering works such as Tool-
Former (Schick et al., 2023), HuggingGPT (Shen et al., 2023), ViperGPT (Surı́s et al., 2023), and
VisProg (Gupta & Kembhavi, 2023). They harness LLMs to craft programs and trigger relevant
APIs. Game-centric models like Voyager (Wang et al., 2023) and Smallville (Park et al., 2023)
have similarly employed GPT for function calls within game engines, though they often parse data
directly from their environments.

However, similar programming paradigms are unexplored when incorporating visual perception.
Primary initiatives like TAPA (Wu et al., 2023) and SayPlan (Rana et al., 2023) can only output
plans, which anchor their strategies in initial environmental states or employ dynamic scene graphs
for LLM inputs, respectively. Despite their innovations, the seamless conversion of detailed plans
into real-world actions is still missing. Another significant challenge is the over-reliance on pre-
trained vision models to convert vision content into language, which can occasionally hinder the
LLM’s performance. While EmbodiedGPT (Mu et al., 2023) addresses the problem by integrating
vision-language modeling for planning and then transitioning to manipulation using policy mapping,
the capability of embodied vision-language models to devise executable programs is still largely
uncharted territory.

This gap inspired our exploration. In this paper, we introduce Octopus, a novel embodied vision-
language programmer. Figure 1 illustrates how this model integrates an agent’s visual perspective
with textual task objectives to devise precise action sequences and yield executable code.

To empower Octopus with its vision-centric programming capabilities, we leveraged GPT-4 to col-
lect training data within our experimental realm, the OctoVerse. Here, GPT-4 was provided with
intricate system messages, extensive environmental cues, and clearly defined objectives. Based on
this input, GPT-4 formulated crucial action strategies and their associated code. Meanwhile, the
agent operating in the OctoVerse captured its visual perspectives. Using collected data, Octopus
stands out in generating code that seamlessly melds vision, language instruction, and action code.

During the data collection phase, the agent, guided by GPT-4, concurrently receives feedback from
simulators about the efficacy of each executed code step, discerning successful moves from un-
successful ones. This led us to incorporate the Reinforcement Learning with Environmental

Feedback (RLEF) approach into our pipeline. Successful steps earn rewards, which are then used
to train a reward model. Leveraging these insights, we further fine-tune Octopus using Proximal
Policy Optimization (PPO) (Schulman et al., 2017). This approach serves as a navigational beacon,
sharpening the model’s decision-making accuracy.”

Empirically, the proposed Octopus model showcases its adaptability and prowess in numerous test-
ing scenarios, yielding promising results on not only routine tasks but also those that need reasoning
capabilities. When pitted against existing models, Octopus emerges superior in task planning, code
generation, and task execution, with its performance being notably enhanced after the RLEF inte-
gration. In sum, our key contributions include:
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Table 1: Overview of Related Embodied AI Models. The proposed Octopus distinguishes itself
from other models as a unified vision-language model for both plan and code generation.

Models
Release

Date

Supported

Environment

Vision

Model

Code

Generator

Action

w/ Feedback

LLM Training

Enabled

Text2Motion (Lin et al., 2023) Mar. 2023 Sim ⇥ X X ⇥
Instruct2Act (Huang et al., 2023a) May 2023 Sim ⇥ X ⇥ ⇥
Lang2Rewards (Yu et al., 2023) Jun. 2023 Sim ⇥ X X ⇥
VoxPoser (Huang et al., 2023b) Jul. 2023 Sim X ⇥ ⇥ ⇥
SayCan (Ahn et al., 2022) Apr. 2022 Real X ⇥ X ⇥
PALM-E (Driess et al., 2023) Mar. 2023 Sim, Real X ⇥ X X
RT-2 (Brohan et al., 2023) Jul. 2023 Real X ⇥ X X
SayPlan (Rana et al., 2023) Jun. 2023 Real ⇥ ⇥ X ⇥
EmbodiedGPT (Mu et al., 2023) May 2023 Sim X ⇥ X X
TaPA (Wu et al., 2023) Jul. 2023 Sim ⇥ ⇥ ⇥ X
Voyager (Wang et al., 2023) May 2023 Game ⇥ X X ⇥
Octopus Oct. 2023 Sim, Game X X X X

• A novel embodied vision-language planner and programmer trained with Reinforcement
Learning with Environmental Feedback (RLEF).

• Two diverse and realistic embodied environments within the OctoVerse framework: (i)
OctoGibson, which is developed upon OmniGibson (Li et al., 2023c), and (ii) OctoGTA,
which is adapted from GTA-V (gta, 2014). Based on their platforms, we carefully design
tasks and programming function libraries for Octopus.

• Compelling results demonstrating the effectiveness of the integrated RLEF approach in Oc-
topus and useful insights facilitating future research on visual planning and programming.

2 RELATED WORK

2.1 EMBODIED AI WITH LARGE MODELS

The recent wave of research focuses on merging LLMs with embodied AI tasks (Radford et al., 2019;
Brown et al., 2020; Ouyang et al., 2022; Touvron et al., 2023). For instance, VoxPoser addresses
robotic manipulation problems through unsupervised methods (Huang et al., 2023b). A group of
projects, namely SayCan (Ahn et al., 2022), Palm-E (Driess et al., 2023), RT-2 (Brohan et al., 2023),
and EmbodiedGPT (Mu et al., 2023), effectively integrate visual or linguistic cues with robot manip-
ulation data. Outside the domain of robotic manipulation, initiatives like Voyager (Wang et al., 2023)
and Smallville (Park et al., 2023) harness the capabilities of GPT to interface with game functions,
relying on preset functions to manage intricate manipulations. In a parallel vein, VisProg (Gupta &
Kembhavi, 2023) leverages GPT-3 language prompts to craft Python programs, opening the door to
a multitude of fascinating applications. While the proposed Octopus model also formulates plans
and code, its distinguishing feature is the seamless integration of visual input in program and code
generation. This also stands in contrast to other embodied planners like TAPA (Wu et al., 2023)
and SayPlan (Rana et al., 2023), which deploy separate vision modules to translate visual data into
linguistic inputs for LLMs. Octopus excels as a cohesive vision-language model, delivering not just
plans but also executable code.

2.2 VISION-LANGUAGE MODELS

Recent advances in large language models (LLMs) like GPTs (Radford et al., 2019; Brown et al.,
2020; Ouyang et al., 2022), LLaMA (Touvron et al., 2023), and Vicuna (Chiang et al., 2023)
have bolstered the performance of vision-language models, such as Flamingo (Alayrac et al., 2022;
Awadalla et al., 2023) and BLIP-2 (Li et al., 2023d), particularly in zero-shot learning scenarios. To
advance the conversation and interaction capabilities of vision-language models, researchers have
begun exploring more. These include Otter (Li et al., 2023b), InstructBLIP (Dai et al., 2023), and
LLaVA (Liu et al., 2023), among other noteworthy contributions (Ye et al., 2023; Zhou et al., 2022a;
Li et al., 2023a). These models are specifically designed to facilitate complex human-model inter-
actions and are particularly well-suited for use in multi-modal chatbots. Extended from Otter (Li
et al., 2023b), we propose Octopus, the vision-language programming model designed to facilitate
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(a) Task Taxonomy for OctoGibson

(b) Task Cloud for OctoGibson (d) Task Cloud for OctoGTA

(c) OctoGibson Function List (e) OctoGTA Function List

Cleaning

Cooking

Recycling

Assembling

Storing

Recycling

Shopping
Planting

Packing

Setup
Cleaning

Outdoor
Tasks

Indoor
Tasks 80.7%

19.3%

118
37

44

51

51

107 14 11

49

11

7

Figure 2: The Statistics of the OctoVerse Environment. We present the task composition and the
function word cloud for both simulator environments.

human-model-agent interaction. Specifically, Octopus processes human instructions to generate
action codes, enabling agents to execute operations accordingly.

2.3 FEEDBACK IN LARGE LANGUAGE MODELS

Reinforcement Learning with Human Feedback (RLHF) (Ouyang et al., 2022; Stiennon et al., 2020;
Ziegler et al., 2019) is a modern approach in the field of AI that combines traditional reinforcement
learning with feedback from human supervisors. (Sun et al., 2023) is the first successful adaptation
of RLHF to vision-language alignment. In our research, we propose Reinforcement Learning with
Environmental Feedback (RLEF), which harnesses the power of environmental feedback to train
an embodied vision-language model. Instead of direct human supervision, the feedback in RLEF
naturally comes from the simulator environment.

3 THE OCTOVERSE ENVIRONMENT AND DATA COLLECTION

In this section, we present the simulator environments designed to train and assess the Octopus
model. We then delve into our data collection techniques utilized within these environments and
explain the detailed information of the data in training and test sets.

3.1 OVERVIEW OF OCTOVERSE

To train our Octopus model, we developed two simulator environments under the unified name of
OctoVerse. Our primary environment is the OctoGibson simulator, from which we collect the train-
ing data and conduct our primary analysis. We then assess the model’s generalization capabilities in
the OctoGTA simulator.

OctoGibson We built the environment on the foundation of an existing simulation framework,
OmniGibson (Li et al., 2023c), which supports 1,000 daily activities across 50 scenes, featuring
over 5,000 meticulously annotated objects. To bolster model training, we incorporated 16 functions

that the robot can execute, such as walkTo(). Within this environment, we meticulously crafted
476 tasks

1. Each task begins with an initial state and concludes with a definitive termination state,
allowing for a straightforward assessment of task completion. Among them, 367 tasks are routine

tasks—simple and direct actions like “place a glass in a trash can”. Conversely, the remaining 109
are reasoning tasks which necessitate deeper comprehension. An example is “buy a chocolate”,
where the agent needs to know to pick a chocolate bar from the shelf and then place it, along with
money, on the checkout counter. To acquaint readers with our environment, Figure 2 (a-c) illustrates
the task taxonomy and provides a word cloud.

OctoGTA Our secondary environment, built on the foundation of GTA-V (gta, 2014), serves the
purpose of auxiliary experiments, assessing the Octopus model’s generalizability. Within this set-

1The full list of task names and their categories are listed in this google sheet.
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Utility FunctionsSystem 
Message

Action FunctionsRole Explanation

Response Requirement

Environment Message

Observed Objects

Observed Relations

Inventory

Task Goal

Original Planning

Previous Action

Execution Error

Explanation

Current Planning

Action Code

Target States

GPT-4

Init State Fridge Open Bacon Out Fridge Close Action Fails Near Stove Bacon on Pan Cooked

Front View Left View Right View Back View

Environment Message Explanation

open(fridge) close(fridge)

Near Fridge

toggleOn(stove)
moveBot(fridge) easyGrasp(bacon) putOnTop(bacon,pan)

moveBot(stove)
putOnTop(bacon,pan)

Since our task goal is to cook bacon and the 

bacon is inside the fridge on a tray, the first step 

should be to approach the fridge, open it, and 

take out the bacon. Once the bacon is retrieved, 

we can proceed to cook it on suitable appliances.

1.Approach fridge. 2.Open fridge. 3.Retrieve the

tray containing the bacon from the fridge. 4.Place

the bacon on the stove. 5. Toggle on the stove to

cook the bacon.

(robot, nextto, fridge_xyejdx_0, 1)

def act(robot, env, camera):
# Subtask 1: Approach the fridge
fridge=registry(env, "fridge_xyejdx_0") 
MoveBot(env, robot, fridge, camera)

…

Figure 3: Data Collection Example for “Cook a Bacon” Task. GPT-4 perceives the environment
through the environmental message and produces anticipated plans and code in accordance
with the detailed system message. This code is subsequently executed in the simulator, di-
recting the agent to the subsequent state. For each state, we gather the environmental message,
wherein observed objects and relations are substituted by egocentric images to serve as
the training input. The response from GPT-4 acts as the training output. Environmental feedback,
specifically the determination of whether each target state is met, is documented for RLEF training.

ting, we’ve integrated 11 functions and methodically crafted 20 tasks
2. Apart from the example in

Figure 1, another example of such a task is “help NPC to drive their boat back to shore”.

3.2 INSTRUCTIONS FROM EXPLORATION

Initiating the training of the Octopus model involves ensuring its operational capability, particularly
its ability to process vision input, interpret current and past states (such as objects the agent is
holding), and produce structured plans and executable code. Thus, the primary task in organizing
training data is to form a succinct pairing: “vision input + current/historical states → next step plan +
executable code”. However, collecting these pairs is far from simple; manually pairing them through
human programmers would be both time-intensive and laborious. To circumvent this challenge, we
harness the capabilities of GPT-4, not only to guide the agent’s actions for task attempts but also to
facilitate the automated data-gathering process.

Parse

Capture

Scene Graph

Compose

Environment Message

Code

Control
Change

Environment

Agent Vision

Agent
Vision

Code

RLEF

(a) Data Collection Pipeline

Feedback

SFT

(b) Octopus Training Pipeline
Octopus

Octopus (SFT only)

System Message

Figure 4: Data Collection and Training Pipeline

Environment Info Collection As delineated
in Figure 3 and Figure 4 (a), we harvest an
environment message for each state, encom-
passing attributes like Observed Objects,
Observed Relations, Inventory, and
more. Specifically, the simulator can provide us
with an exact scene graph at each state, shaping
the content for the first two parts. The inven-
tory info can be easily obtained in the simula-
tor. The task, e.g., “cooking bacon” in Figure 3,
is represented by the Task Goal.

Automation with GPT-4 Having prepared
the environment message, we next crafted a structured system message to ensure that the robot
not only understands its input but also maintains a consistent output format. A detailed examination
of this prompt can be found in the appendix. Experiments have shown that a well-articulated prompt

2We meticulously design tasks to be friendly, ensuring they exclude any inappropriate or violent behaviors.
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allows GPT-4 to effectively generate executable codes. It’s worth noting that the combined length
of the system and environment messages can be extremely long. As a result, standard GPT-4 8K
models may struggle to produce meaningful outputs, necessitating the use of the more robust GPT-4
32K model. As illustrated in Figure 3, when GPT-4 is fed a consistent system and environment
message, it yields comprehensive outputs, encompassing current scenario analysis, planning, and
actionable codes. The data will support the training in Section 4.2.

Error Management Notably, GPT-4 collects training data under the main task of guiding the
agent to complete tasks. However, GPT-4 is not infallible. Errors can manifest in multiple ways,
ranging from syntax errors to physical challenges in the simulator. For instance, as depicted in
Figure 3, between states #5 and #6, the action failed due to the long distance between the agent
(bacon) and pan. Such setbacks reset the task to its previous state. If a task remains incomplete after
10 steps, it is deemed unsuccessful, and we terminate this task for budget concerns. All data pairs,
regardless of the task’s completion status, are valuable resources for refining instructions.

3.3 ENVIRONMENTAL FEEDBACK

While GPT-4 guides the agent toward task completion, its continual trial-and-error approach does
more than just collect vision-output pairs. This iterative problem-solving provides a rich set of
feedback data. The automatic annotation of the feedback is twofold, focusing on both step-level
and task-level judgments. Step-level judgment assesses the alignment of post-execution states with
their target states. For instance, in Figure 3, steps color-coded in green signify positive feedback.
One can visualize the action sequence for task completion as a tree, where each node indicates
a step (subtask), encapsulating an action code. Accompanying each step is a binary value that
denotes success or failure, giving preference to the successful branch over its counterpart. Task-

level judgment, on the other hand, gauges the successful execution of the overall task. If the task is
not completed as intended, every state within that task is labeled as negative. This collated feedback
data serves as a foundation for our Reinforcement Learning with Environmental Feedback (RLEF)
methodology, which we discuss in greater detail in Section 4.3.

4 OCTOPUS: THE EMBODIED VISION-LANGUAGE PROGRAMMER

In this section, we delineate the architecture and training methodologies underpinning Octopus, our
novel vision-language programmer. Building upon the foundational principles of Otter (Li et al.,
2023b), Octopus incorporates specialized modules to cater to the vision-language programming
tasks within OctoVerse. We will elucidate the architectural design derived from the Otter model, de-
tail the supervised fine-tuning approach that harnesses instructions from exploration, and explore the
integration of reinforcement learning enhanced by environmental feedback. We refer to Figure 4 (b)
which briefly illustrates the Octopus training pipeline.

4.1 ARCHITECTURE

The Octopus architecture is heavily inspired by the foundation laid by the Otter model (Li et al.,
2023b). However, in our adaptation, specialized modifications have been made to tailor the archi-
tecture for the unique challenges of vision-language programming tasks found in OctoVerse. At
the core of Octopus is the seamless integration of two critical components: MPT-7B Language

Decoder (MosaicML, 2023) and CLIP VIT-L/14 Vision Encoder (Radford et al., 2021).

To further enhance the synergy between the vision and language components, we have incorporated
design principles from the Flamingo architecture (Alayrac et al., 2022). This is evident in our em-
ployment of the Perceiver Resampler module and the intricate weaving of Cross-Gated Attention

modules. Initially, the Perceiver Resampler module ingests a sequence of image or video features
to produce a fixed set of visual tokens. Subsequently, these tokens condition the language layers
through Cross-Gated Attention modules, where the tokens act as keys and values while text from
preceding layers serves as queries.

Through this detailed architecture, the Octopus is primed to excel in tasks that demand a nuanced
understanding of both visual and textual data.
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4.2 SUPERVISED FINETUNING WITH INSTRUCTIONS FROM EXPLORATION

We train the Octopus model on our collected dataset from OctoVerse DE = {(Xv,Ti,Tr)} with
token-level supervised fine-tuning (SFT) (Ouyang et al., 2022; Touvron et al., 2023). During train-
ing, the Perceiver Resampler transforms images Xv into visual tokens that are aligned with text
modality in the language model layers. These visual tokens condition subsequent layers via Cross-
Gated Attention modules. The training objective involves next-token prediction, akin to GPT series
models (Brown et al., 2020; OpenAI, 2023), additionally with the incorporation of visual and textual
inputs. The likelihood of a targeted response Tr is modeled as follows:

p(Tr | Ti,Xv) =
LY

l=1

p(tl | Xv,Ti,Tr,<l). (1)

Note that Ti denotes the instruction tokens and Tr,<l denotes the response tokens before the current
predicted token tl. During inference, tokens are converted into natural language via the language
decoder’s text tokenizer.

In OctoVerse, visual observations are represented by Xv = {x0
F , . . . , x

7
F , x

0
B , x

1
B}, consisting of

eight first-person view (FPV) images followed by two bird’s-eye view (BEV) images. During train-
ing, this multi-image input Xv is treated as a continuous video frame sequence. The rationale be-
hind capturing both FPV and BEV is twofold. Firstly, by capturing the FPV, we aim for the agent
to mimic human-like processing, assimilating images it directly observes, much like how humans
interpret their immediate surroundings. Secondly, the BEV is integrated because agents, unlike hu-
mans, can tap into alternative camera sources, such as surveillance cameras, granting a more holistic
understanding of the environment. To obtain the eight FPV images, we capture one image every 45
degrees, ensuring a complete 360-degree perspective of the environment.

4.3 REINFORCEMENT LEARNING WITH ENVIRONMENTAL FEEDBACK (RLEF)

Within the OctoVerse ecosystem, as explained in Section 3.3 and Figure 3, we visualize task pro-
gression as a tree. Each node on this tree symbolizes a sub-task, and it carries a binary value, either
{0, 1}, to denote if the sub-task was successful or not. Simply put, if a node (or sub-task) has a value
of 1, it is a step in the right direction toward our end goal.

Tree-based Task Representation We organize these data into environmental reward datasets
DR = {(X⇤

v,T
⇤
i ,T

i
r,T

j
r, c)} where Ti

r and Tj
r are two responses on the tree with the same parental

node’s task description T⇤
i , and c is the index of preferred response that could lead to final com-

pletion of the given task. The primary purpose of this step is to ensure that, when faced with two
sub-tasks stemming from the same parent task, the reward mechanism favors the branch that is suc-
cessfully executed. Note that even if a parental node does not have multiple responses, we can still
assign feedback according to Section 3.3.

Reward Model Configuration We finetune a single-modal CodeLLaMA-7B model on DR with
an additional value head as our reward model r�. For computational efficiency, the reward model is
designed to accept only textual modality and outputs a scalar reward. The function of this text-based
reward model is to assess state transitions, denoted by T⇤

i ! Ti,j
r , to determine which transitions

yield higher rewards and thereby assist the agent in task execution and completion.

Policy Model Development Next, we employ the above supervised fine-tuned model as the ini-
tial policy model (Ouyang et al., 2022) ⇡INIT with fixed parameters. Then we initialize another
duplicate of the model as the RL-tuned model ⇡RL✓ , and train it with Proximal Policy Optimization
(PPO) (Schulman et al., 2017) to maximize response rewards. The loss function is formulated as:

L
�
⇡RL✓

�
= �E(X⇤

v,T
⇤
i )2DR,Tr⇠⇡RL

⇥
r�(T

⇤
i ,Tr)� � · DKL

�
⇡RL✓ (X⇤

v,T
⇤
i ) k ⇡INIT(X⇤

v,T
⇤
i )
�⇤

,
(2)

where � acts as a hyper-parameter to regulate the magnitude of the Kullback–Leibler (KL) penalty.

5 EXPERIMENTS

Experimental Setup We first set up the OctoGibson to evaluate the performance of Octopus and
other related models. Specifically, we are utilizing the metrics of goal task completion score to check

7



Under review as a conference paper at ICLR 2024

Table 2: Main Results on OctoGibson. We compare various models: standalone language models,
adapted vision-language planners, and our Octopus models, across different evaluation settings. In
cells displaying two values, the first represents the task completion rate across the target validation
task sets, while the second assesses the conceptual accuracy of the model’s planning as judged by
human evaluators. GT denotes that the model input is directly parsed from the simulator, with infor-
mation on objects (O) or relations (R). Octopus shows consistently better results on task completion.

Model Vision
Model

Language
Model

Entire Goal Task
Seen Env Unseen Env Follow Reason All

LLaMA GT (O+R) LLaMA2-7B 0.07 / 0.11 0.13 / 0.13 0.11 / 0.16 0.00 / 0.00 0.08 / 0.12
CodeLLaMA GT (O+R) CodeLLaMA-7B 0.09 / 0.20 0.20 / 0.40 0.16 / 0.31 0.00 / 0.07 0.12 / 0.25
TAPA (task-level) OVD GT (O) CodeLLaMA-7B 0.09 / 0.36 0.13 / 0.33 0.11 / 0.36 0.06 / 0.33 0.10 / 0.35
TAPA (step-level) OVD GT (O) CodeLLaMA-7B 0.16 / 0.42 0.13 / 0.27 0.18 / 0.38 0.07 / 0.40 0.15 / 0.38
EmbodiedGPT CLIP-ViT MPT-7B 0.04 / 0.36 0.27 / 0.53 0.13 / 0.38 0.00 / 0.40 0.10 / 0.40

Octopus (SFT Only) CLIP-ViT MPT-7B 0.11 / 0.33 0.27 / 0.47 0.16 / 0.38 0.13 / 0.33 0.15 / 0.37
Octopus (SFT + RLEF) CLIP-ViT MPT-7B 0.13 / 0.38 0.33 / 0.53 0.18 / 0.40 0.20 / 0.53 0.18 / 0.42

whether the task is actually completed in the simulator and the plan score from human evaluation.
We totally have 60 evaluation tasks, with 45 from the seen environment, and 15 that are unseen
during training. We also have 45 routine tasks and 15 require reasoning. Please note that models like
Octopus might not always accurately identify specific object names as they appear in the simulator
(e.g., “water bottle 189”). To address this, we implement a post-processing step for the generated
code, substituting generic object references with their exact names from the simulator with simple
string similarity matching.

5.1 MAIN RESULTS

CodeLLaMA Improves Coding but not Planning. The first two rows in Table 2 highlight the
suboptimal task completion rate of the blind LLMs. Among them, CodeLLaMA boasts pre-training
on a large programming dataset, resulting in a notable enhancement in code execution from our
observation, with 92% of the written code being successfully executed compared to LLaMA’s 24%.
However, its prowess in planning remains limited. In contrast, the proposed Octopus MPT-7B model
displays superior planning and task completion metrics while maintaining commendable coding
abilities (72% of the written code can be executed). We surmise that the coding requirements within
the OctoGibson environment might not be exceedingly intricate, rendering an advanced program-
ming language model, like CodeLLaMA, less crucial, albeit beneficial. For more insight, although
not shown in the table, our efforts to replace the MPT model with CodeLLaMA encountered chal-
lenges of generating non-sense outputs, suggesting that more refined code, or image-code paired
data might be necessary for a successful Octopus-CodeLLaMA integration.

Blind LLMs Struggle with Extended Input Content. Our observations indicate that the step-
level TAPA model, when supplied with a ground-truth object list, achieves a notable enhancement in
planning. The primary distinction between it and the blind CodeLLaMA lies in the input length; the
latter deals with protracted, pairwise relation content, complicating the language model’s ability to
extract crucial data from the environment message. This scenario highlights the inherent limitation
of blind LLMs: relying on language alone to convey the entirety of environmental data can result in
unwieldy and less informative input.

Octopus Demonstrates Superior Task Generalization. Table 2 underscores Octopus’s com-
mendable performance, evidencing its consistent edge over standalone language models in task
completion. Its adeptness in adapting to previously unencountered environments underlines the
inherent advantages of vision-language models. A more detailed ablation analysis is provided in the
subsequent section.

RLEF Enhances Octopus’s Planning Strategy. Table 2 unequivocally underscores Octopus’s
profound reasoning capabilities after the RLEF finetuning. An example can be observed in Fig-
ure A1(b-c), where, after refinement via RLEF, Octopus astutely navigates to the cabinet housing the
carboy instead of attempting a direct yet distant capture. Quantitatively, Octopus exhibits enhanced
adaptability to previously unseen reasoning tasks, reinforcing its prowess in logical task resolution.
When juxtaposed with other strategies, such as the embodied queries employed by EmbodiedGPT,
RLEF emerges as the more efficacious approach.

8
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Figure 5: Ablation Study on model components, model size, and vision input. For bars with different
colors, the upper bar denotes the number of successful reasoning tasks, and the lower is routine tasks.

5.2 ABLATION STUDY

7B v.s. 3B Model Size We embarked on experiments centered on model size to discern the
influence of the total parameter count on the efficacy of vision-language models. As illustrated in
Figure 5 (a), downsizing the model manifests in a noticeable performance drop. The congruency
of results across both the SFT and RLEF models underscores the importance of an apt model size
when sculpting vision-language models.

Examining Training Components Through experimentation on training components, we aimed
to illuminate optimal strategies for finetuning vision-language models. Figure 5 (b) demonstrates
that solely adjusting the connector culminates in success for merely 4 out of 60 tasks. Conversely,
finetuning both the connector and language decoder nudges the success rate slightly higher, with 5
tasks being accomplished. In contrast to the fully optimized model, these outcomes accentuate the
paramountcy of trained parameters.

Significance of Visual Inputs in Task Performance In our standard configuration, the vision
component processes a sequence of image inputs, consisting of eight circularly captured first-person
view (FPV) images, complemented by two bird’s-eye view (BEV) images. With the intent to inves-
tigate the impact of visual inputs on task performance, we initiated an ablation study. In a modified
setup, the sequence of these visual inputs was deliberately randomized, aiming to attenuate the
strength of the visual signals. As illustrated in Figure 5 (c), this intentional disruption in visual input
consistency led to a pronounced decline in task performance. This result highlights the crucial role
that clear and structured visual inputs play in the Octopus model, emphasizing that it significantly
leverages visual cues for effective planning and task execution.

5.3 PERFORMANCE OF GPT-4 AND GPT-4V

Performance of GPT-4 The input provided to GPT-4 was consistent with the input during our
data collection phase, which was purely textual. Under such conditions, out of a total of 60 test
tasks, GPT-4 achieved a commendable success rate in 31 tasks. This result suggests that current
models still possess considerable room for advancement. The fact that even GPT-4 doesn’t perform
optimally indicates a vast scope for improvements within the domain.

Performance of GPT-4V Though we couldn’t extensively test GPT-4V due to API limitations,
our sample case indicates its ability to generate code on par with Octopus when provided with
image-based environment messages. However, while Octopus, having been trained in the present
environment, adeptly performs tasks like “open the cabinet”, GPT-4V’s actions, shown in Figure A1
(e), although seemingly accurate, fall short in specific tasks such as locating the target object - the
carboy. Given GPT-4V’s zero-shot learning approach and its unfamiliarity with our environment,
alongside potential simulator discrepancies, its results remain commendable.

5.4 TRANSFERABILITY ON GTA TASKS

To examine Octopus’s adaptability in novel environments, we transitioned the model initially trained
on OctoGibson to tasks within the GTA framework. We observed that even in a few-shot scenario,
Octopus demonstrates commendable performance and can complete 4 out of the 11 test tasks.

9



Under review as a conference paper at ICLR 2024

REFERENCES

Grand theft auto v, 2014. 3, 4, 16

Michael Ahn, Anthony Brohan, Noah Brown, Yevgen Chebotar, Omar Cortes, Byron David, Chelsea
Finn, Chuyuan Fu, Keerthana Gopalakrishnan, Karol Hausman, Alex Herzog, Daniel Ho, Jasmine
Hsu, Julian Ibarz, Brian Ichter, Alex Irpan, Eric Jang, Rosario Jauregui Ruano, Kyle Jeffrey,
Sally Jesmonth, Nikhil Joshi, Ryan Julian, Dmitry Kalashnikov, Yuheng Kuang, Kuang-Huei Lee,
Sergey Levine, Yao Lu, Linda Luu, Carolina Parada, Peter Pastor, Jornell Quiambao, Kanishka
Rao, Jarek Rettinghouse, Diego Reyes, Pierre Sermanet, Nicolas Sievers, Clayton Tan, Alexander
Toshev, Vincent Vanhoucke, Fei Xia, Ted Xiao, Peng Xu, Sichun Xu, Mengyuan Yan, and Andy
Zeng. Do as i can and not as i say: Grounding language in robotic affordances. In arXiv preprint
arXiv:2204.01691, 2022. 2, 3

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, Iain Barr, Yana Hasson, Karel
Lenc, Arthur Mensch, Katherine Millican, Malcolm Reynolds, et al. Flamingo: a visual language
model for few-shot learning. Advances in Neural Information Processing Systems, 35:23716–
23736, 2022. 2, 3, 6

Anas Awadalla, Irena Gao, Josh Gardner, Jack Hessel, Yusuf Hanafy, Wanrong Zhu, Kalyani
Marathe, Yonatan Bitton, Samir Gadre, Shiori Sagawa, Jenia Jitsev, Simon Kornblith, Pang Wei
Koh, Gabriel Ilharco, Mitchell Wortsman, and Ludwig Schmidt. Openflamingo: An open-
source framework for training large autoregressive vision-language models. arXiv preprint
arXiv:2308.01390, 2023. 2, 3

Greg Brockman, Vicki Cheung, Ludwig Pettersson, Jonas Schneider, John Schulman, Jie Tang, and
Wojciech Zaremba. Openai gym. arXiv preprint arXiv:1606.01540, 2016. 16

Anthony Brohan, Noah Brown, Justice Carbajal, Yevgen Chebotar, Xi Chen, Krzysztof Choroman-
ski, Tianli Ding, Danny Driess, Avinava Dubey, Chelsea Finn, et al. Rt-2: Vision-language-action
models transfer web knowledge to robotic control. arXiv preprint arXiv:2307.15818, 2023. 2, 3

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877–1901, 2020. 2,
3, 7

Angel Chang, Angela Dai, Thomas Funkhouser, Maciej Halber, Matthias Niessner, Manolis Savva,
Shuran Song, Andy Zeng, and Yinda Zhang. Matterport3d: Learning from rgb-d data in indoor
environments. arXiv preprint arXiv:1709.06158, 2017. 16

Liangyu Chen, Bo Li, Sheng Shen, Jingkang Yang, Chunyuan Li, Kurt Keutzer, Trevor Darrell, and
Ziwei Liu. Language models are visual reasoning coordinators. In ICLR 2023 Workshop on
Mathematical and Empirical Understanding of Foundation Models, 2023. 2

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E Gonzalez, et al. Vicuna: An open-source chatbot
impressing gpt-4 with 90%* chatgpt quality. See https://vicuna. lmsys. org (accessed 14 April
2023), 2023. 2, 3

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Meng Huat Tiong, Junqi Zhao, Weisheng Wang,
Boyang Li, Pascale Fung, and Steven Hoi. Instructblip: Towards general-purpose vision-language
models with instruction tuning. arXiv preprint arXiv:2305.06500, 2023. 2, 3, 14

Danny Driess, Fei Xia, Mehdi S. M. Sajjadi, Corey Lynch, Aakanksha Chowdhery, Brian Ichter,
Ayzaan Wahid, Jonathan Tompson, Quan Vuong, Tianhe Yu, Wenlong Huang, Yevgen Chebotar,
Pierre Sermanet, Daniel Duckworth, Sergey Levine, Vincent Vanhoucke, Karol Hausman, Marc
Toussaint, Klaus Greff, Andy Zeng, Igor Mordatch, and Pete Florence. Palm-e: An embodied
multimodal language model. In arXiv preprint arXiv:2303.03378, 2023. 2, 3

Haoyuan Fu, Wenqiang Xu, Ruolin Ye, Han Xue, Zhenjun Yu, Tutian Tang, Yutong Li, Wenxin Du,
Jieyi Zhang, and Cewu Lu. Rfuniverse: A multiphysics simulation platform for embodied ai,
2023. 16

10



Under review as a conference paper at ICLR 2024

Tanmay Gupta and Aniruddha Kembhavi. Visual programming: Compositional visual reasoning
without training. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 14953–14962, 2023. 2, 3

Siyuan Huang, Zhengkai Jiang, Hao Dong, Yu Qiao, Peng Gao, and Hongsheng Li. Instruct2act:
Mapping multi-modality instructions to robotic actions with large language model. arXiv preprint
arXiv:2305.11176, 2023a. 3

Wenlong Huang, Chen Wang, Ruohan Zhang, Yunzhu Li, Jiajun Wu, and Li Fei-Fei. Voxposer:
Composable 3d value maps for robotic manipulation with language models. arXiv preprint
arXiv:2307.05973, 2023b. 3

Eric Kolve, Roozbeh Mottaghi, Winson Han, Eli VanderBilt, Luca Weihs, Alvaro Herrasti, Matt
Deitke, Kiana Ehsani, Daniel Gordon, Yuke Zhu, et al. Ai2-thor: An interactive 3d environment
for visual ai. arXiv preprint arXiv:1712.05474, 2017. 16

Bo Li, Yuanhan Zhang, Liangyu Chen, Jinghao Wang, Fanyi Pu, Jingkang Yang, Chunyuan
Li, and Ziwei Liu. Mimic-it: Multi-modal in-context instruction tuning. arXiv preprint
arXiv:2306.05425, 2023a. 3

Bo Li, Yuanhan Zhang, Liangyu Chen, Jinghao Wang, Jingkang Yang, and Ziwei Liu. Otter: A
multi-modal model with in-context instruction tuning. arXiv preprint arXiv:2305.03726, 2023b.
2, 3, 6

Chengshu Li, Ruohan Zhang, Josiah Wong, Cem Gokmen, Sanjana Srivastava, Roberto Martı́n-
Martı́n, Chen Wang, Gabrael Levine, Michael Lingelbach, Jiankai Sun, et al. Behavior-1k: A
benchmark for embodied ai with 1,000 everyday activities and realistic simulation. In Conference
on Robot Learning, pp. 80–93. PMLR, 2023c. 3, 4, 16

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image pre-
training with frozen image encoders and large language models. arXiv preprint arXiv:2301.12597,
2023d. 2, 3

Kevin Lin, Christopher Agia, Toki Migimatsu, Marco Pavone, and Jeannette Bohg. Text2motion:
From natural language instructions to feasible plans. arXiv preprint arXiv:2303.12153, 2023. 3

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. arXiv
preprint arXiv:2304.08485, 2023. 3

MosaicML. Mpt-7b, 2023. URL https://www.mosaicml.com/blog/mpt-7b. Accessed:
2023-05-23. 6

Yao Mu, Qinglong Zhang, Mengkang Hu, Wenhai Wang, Mingyu Ding, Jun Jin, Bin Wang, Jifeng
Dai, Yu Qiao, and Ping Luo. Embodiedgpt: Vision-language pre-training via embodied chain of
thought. arXiv preprint arXiv:2305.15021, 2023. 2, 3, 14

R OpenAI. Gpt-4 technical report. arXiv, pp. 2303–08774, 2023. 7

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow
instructions with human feedback. Advances in Neural Information Processing Systems, 35:
27730–27744, 2022. 2, 3, 4, 7

Joon Sung Park, Joseph C O’Brien, Carrie J Cai, Meredith Ringel Morris, Percy Liang, and
Michael S Bernstein. Generative agents: Interactive simulacra of human behavior. arXiv preprint
arXiv:2304.03442, 2023. 2, 3

Xavier Puig, Kevin Ra, Marko Boben, Jiaman Li, Tingwu Wang, Sanja Fidler, and Antonio Tor-
ralba. Virtualhome: Simulating household activities via programs. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, pp. 8494–8502, 2018. 16

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, Ilya Sutskever, et al. Language
models are unsupervised multitask learners. OpenAI blog, 1(8):9, 2019. 2, 3

11

https://www.mosaicml.com/blog/mpt-7b


Under review as a conference paper at ICLR 2024

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748–8763. PMLR, 2021. 6

Krishan Rana, Jesse Haviland, Sourav Garg, Jad Abou-Chakra, Ian Reid, and Niko Suenderhauf.
Sayplan: Grounding large language models using 3d scene graphs for scalable task planning.
arXiv preprint arXiv:2307.06135, 2023. 2, 3

Manolis Savva, Abhishek Kadian, Oleksandr Maksymets, Yili Zhao, Erik Wijmans, Bhavana Jain,
Julian Straub, Jia Liu, Vladlen Koltun, Jitendra Malik, et al. Habitat: A platform for embodied
ai research. In Proceedings of the IEEE/CVF international conference on computer vision, pp.
9339–9347, 2019. 16

Timo Schick, Jane Dwivedi-Yu, Roberto Dessı̀, Roberta Raileanu, Maria Lomeli, Luke Zettlemoyer,
Nicola Cancedda, and Thomas Scialom. Toolformer: Language models can teach themselves to
use tools. arXiv preprint arXiv:2302.04761, 2023. 2

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017. 2, 7

Yongliang Shen, Kaitao Song, Xu Tan, Dongsheng Li, Weiming Lu, and Yueting Zhuang.
Hugginggpt: Solving ai tasks with chatgpt and its friends in huggingface. arXiv preprint
arXiv:2303.17580, 2023. 2

Nisan Stiennon, Long Ouyang, Jeffrey Wu, Daniel Ziegler, Ryan Lowe, Chelsea Voss, Alec Radford,
Dario Amodei, and Paul F Christiano. Learning to summarize with human feedback. Advances
in Neural Information Processing Systems, 33:3008–3021, 2020. 4

Zhiqing Sun, Sheng Shen, Shengcao Cao, Haotian Liu, Chunyuan Li, Yikang Shen, Chuang Gan,
Liang-Yan Gui, Yu-Xiong Wang, Yiming Yang, Kurt Keutzer, and Trevor Darrell. Aligning large
multimodal models with factually augmented rlhf. 2023. 4

Dı́dac Surı́s, Sachit Menon, and Carl Vondrick. Vipergpt: Visual inference via python execution for
reasoning. arXiv preprint arXiv:2303.08128, 2023. 2

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023. 2, 3, 7

Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Mandlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan,
and Anima Anandkumar. Voyager: An open-ended embodied agent with large language models.
arXiv preprint arXiv:2305.16291, 2023. 2, 3

Yi Wu, Yuxin Wu, Georgia Gkioxari, and Yuandong Tian. Building generalizable agents with a
realistic and rich 3d environment. arXiv preprint arXiv:1801.02209, 2018. 16

Zhenyu Wu, Ziwei Wang, Xiuwei Xu, Jiwen Lu, and Haibin Yan. Embodied task planning with
large language models. arXiv preprint arXiv:2307.01848, 2023. 2, 3, 14

Binzhu Xie, Sicheng Zhang, Zitang Zhou, Bo Li, Yuanhan Zhang, Jack Hessel, Jingkang Yang, and
Ziwei Liu. Funqa: Towards surprising video comprehension. arXiv preprint arXiv:2306.14899,
2023. 2

Jingkang Yang, Yi Zhe Ang, Zujin Guo, Kaiyang Zhou, Wayne Zhang, and Ziwei Liu. Panoptic
scene graph generation. In European Conference on Computer Vision, pp. 178–196. Springer,
2022. 14

Jingkang Yang, Wenxuan Peng, Xiangtai Li, Zujin Guo, Liangyu Chen, Bo Li, Zheng Ma, Kaiyang
Zhou, Wayne Zhang, Chen Change Loy, et al. Panoptic video scene graph generation. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
18675–18685, 2023. 14

12



Under review as a conference paper at ICLR 2024

Qinghao Ye, Haiyang Xu, Guohai Xu, Jiabo Ye, Ming Yan, Yiyang Zhou, Junyang Wang, Anwen
Hu, Pengcheng Shi, Yaya Shi, et al. mplug-owl: Modularization empowers large language models
with multimodality. arXiv preprint arXiv:2304.14178, 2023. 3

Wenhao Yu, Nimrod Gileadi, Chuyuan Fu, Sean Kirmani, Kuang-Huei Lee, Montse Gonzalez Are-
nas, Hao-Tien Lewis Chiang, Tom Erez, Leonard Hasenclever, Jan Humplik, et al. Language to
rewards for robotic skill synthesis. arXiv preprint arXiv:2306.08647, 2023. 3

Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. Conditional prompt learning for
vision-language models. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 16816–16825, 2022a. 3

Xingyi Zhou, Rohit Girdhar, Armand Joulin, Philipp Krähenbühl, and Ishan Misra. Detecting
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