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ABSTRACT

Language Models and Vision Language Models have recently demonstrated un-
precedented capabilities in terms of understanding human intentions, reasoning,
scene understanding, and planning-like behaviour, in text form, among many oth-
ers. In this work, we investigate how to embed and leverage such abilities in
Reinforcement Learning (RL) agents. We design a framework that uses language
as the core reasoning tool, exploring how this enables an agent to tackle a series
of fundamental RL challenges, such as efficient exploration, reusing experience
data, scheduling skills, and learning from observations, which traditionally require
separate, vertically designed algorithms. We test our method on a sparse-reward
simulated robotic manipulation environment, where a robot needs to stack a set of
objects. We demonstrate substantial performance improvements over baselines in
exploration efficiency and ability to reuse data from offline datasets, and illustrate
how to reuse learned skills to solve novel tasks or imitate videos of human experts.

1 INTRODUCTION

In recent years, the literature has seen a series of remarkable Deep Learning (DL) success stories
(3), with breakthroughs particularly in the fields of Natural Language Processing (4 [19; 18; 29)
and Computer Vision (2} 125;136;37)). Albeit different in modalities, these results share a common
structure: large neural networks, often Transformers (46)), trained on enormous web-scale datasets
(39:119) using self-supervised learning methods (19;16). While simple in structure, this recipe led to
the development of surprisingly effective Large Language Models (LLMs) (4), able to process and
generate text with outstanding human-like capability, Vision Transformers (ViTs) (25} [13) able to
extract meaningful representations from images and videos with no supervision (65 [18)), and Vision-
Language Models (VLMs) (251365 28), that can bridge those data modalities describing visual inputs
in language, or transforming language descriptions into visual outputs. The size and abilities of these
models led the community to coin the term Foundation Models (3)), suggesting how these models can
be used as the backbone for downstream applications involving a variety of input modalities.

This led us to the following question: can we leverage the performance and capabilities of (Vision)
Language Models to design more efficient and general reinforcement learning agents? After being
trained on web-scaled textual and visual data, the literature has observed the emergence of common
sense reasoning, proposing and sequencing sub-goals, visual understanding, and other properties in
these models (19; 4; 8 [29)). These are all fundamental characteristics for agents that need to interact
with and learn from environments, but that can take an impractical amount of time to emerge tabula
rasa from trial and error. Foundation Models are generally trained using thousands of PetaFLOPS/s-
days (19), reutilising this computational effort to bootstrap learning, as well as leveraging their
emergent properties in novel scenarios, is critical.

*work done during an internship at DeepMind.
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Figure 1: A high-level illustration of our framework.

Motivated by this idea, we design a framework that puts language at the core of an RL robotic agent,
particularly in the context of learning from scratch. Our core contribution and finding is the following:
we show that this framework, which leverages LL.Ms and VLMs, can tackle a series of fundamental
problems in RL settings, such as 1) efficiently exploring sparse-reward environments, 2) re-using
collected data to bootstrap the learning of new tasks sequentially, 3) scheduling learned skills to
solve novel tasks and 4) learning from observation of expert agents. In the recent literature, these
tasks need different, specifically designed algorithms to be tackled individually, while our proposed
framework provides a more unified approach.

2 RELATED WORK

Over the past few years, scaling the parameter count of models and the size and diversity of training
datasets led to unprecedented capabilities in (Vision) Language Models (4; 195 2;[19; [8). This in turn
led to several applications leveraging these models within agents that interact with the world. Prior
work has used LLMs and VLMs together with RL agents in simulated environments (12} 144), but
they rely on collecting large amounts of demonstrations for training agents. Instead, we focus on the
problem of learning RL agents from scratch and leverage LLMs and VLMs to accelerate progress.

Prior work has also looked at leveraging LLMs and VLMs for robotics applications; particularly
5 215 150; 20) leveraged LLMs for planning sub-goals in the context of long-horizon tasks together
with VLMs for scene understanding and summarization. These sub-goals can then be grounded
into actions through language-conditioned policies (22 30). While most of these works focus on
deploying and scheduling already learned skills through LL.Ms, albeit in the real world, our work
focuses on an RL system that learns such behaviours from scratch, highlighting the benefits that these
models bring to exploration, transfer and experience reuse.

Several methods have been proposed to tackle sparse-reward tasks, either through curriculum learning
(43515151315 [16), intrinsic motivation (175135, or hierarchical decomposition (32;27). We demonstrate
how LLMs can generate learning curriculums zero-shot, without any additional learning or finetuning,
and VLMs can automatically provide rewards for these sub-goals, greatly improving learning speed.

Related work has also looked at reusing large datasets of robotic experience by learning a reward
model for the new tasks at hand (5)). However, numerous human annotations of desired rewards need
to be gathered for each new task. Instead, as reported in concurrent related work (48)), we show
successful relabeling of past experience leveraging VLMs which can be finetuned with small amounts
of data from the target domain.

(15) is the most similar method to our work: they propose an interplay between LLMs and VLMs to
learn sparse-reward tasks in Minecraft (23; 24). However, there are some notable differences: they
use a vast internet dataset of videos, posts and tutorials to finetune their models, while we demonstrate
that it is possible to effectively finetune a VLM with as few as 1000 datapoints, and use off-the-shelf
LLMs; additionally, we also investigate and experiment how this framework can be used for data
reuse and transfer and learning from observation, besides exploration and skills scheduling, proposing
a more unified approach to some core challenges in reinforcement learning.



Reincarnating Reinforcement Learning Workshop at ICLR 2023

3 PRELIMINARIES

We use the simulated robotic environment from Lee e{2fl) fnodelled with the MuJoCo physics
simulator [@5) for our experiments: a robot arm interacts with an environment composed of a red,
a blue and a green object in a basket. We formalise it as a Markov Decision Process (MDP): the
observation spad® is composed 0128 128 3 RGB images coming from two cameras xed

to the edges of the basket. The state sgacepresents the 3D position of the objects and the
end-effector. The robot is controlled through position control: the action shaseomposed of an

X;y position, that we reach using the known inverse kinematics of the robot, where the robot arm
can either pick or place an object, inspired Bg;(40). The agent receives a language description

of the taskT to solve, which can have two forms: eith&tack X on top of Y whereX andY are

taken from {'the red object, "the green objett "the blue object} without replacement, or "Stack

all three objects”, that we also cdltiple Stack

A positive reward oft1 is provided if the episode is successful, while a rewar@l isfgiven in any

other case. We de ne thgparsenesef a task as the average number of environment steps needed,
when executing random actions, to solve the task and receive a single reward. With the MDP design
we adopt, stacking two objects has a sparsened€df Stacking all three objects has a sparseness of
more thanl0° as measured by evaluating trajectories from a random policy.

4 A FRAMEWORK FORLANGUAGE-CENTRIC AGENTS

The goal of this work is to investigate the use of Foundation Mo@})g(e-trained on vast image

and text datasets, to design a more general and uni ed RL robotic agent. We propose a framework
that augments from-scratch RL agents with the ability to use the outstanding abilities of LLMs and
VLMs to reason about their environment, their task, and the actions to take entirely through language.

To do so, the agent rst needs to map visual inputs to text descriptions. Secondly, we need to prompt
an LLM with such textual descriptions and a description of the task to provide language instructions
to the agent. Finally, the agent needs to ground the output of the LLM into actions.

Bridging Vision and Language using VLMs: To

describe the visual inputs taken from the RGB cam-

eras (Sec. 3) in language form, we @&elP, a large,

contrastive visual-language mod8agj. CLIP is com-

posed of an image-encoder and a text-encoderr,

trained on a vast dataset of noisily paired images and

text descriptions, that we also refer to as captions.

Each encoder outputs a 128-dimensional embedding

vector: embeddings of images and matching text de-

scriptions are optimised to have large cosine similar-

ity. To produce a language description of an image

from the environment, the agent feeds an observation

o, to | and a possible captioy to 1 (Fig. 2).

We compute the dot product between the embeddipgure 2: An illustration of CLIP computing
vectors and considers the description correct if thge similarity, as dot product, between obser-
resultis larger than, a hyperparameter (= 0:8in  yations and text descriptions.

our experiments, see Appendix for more details). As

we focus on robotic stacking tasks, the descriptions are in the foha fobot is grasping Xor "The
Xis on top of Y, whereX andY are taken from {the red object, "the green objett "the blue object

} without replacement. We netune CLIP on a small amount of data from the simulated stacking
domain; more details on how this works and analysis on data needs for netuning are provided in the
appendix.

Reasoning through Language with LLMs: Language Models take as input a prompt in the form of
language and produce language as output by autoregressively computing the probability distribution
of the next token and sampling from this distribution. In our setup, the goal of LLMs is to take a
text instruction that represents the task at hand (&tack the red object on the blue objgctand
generate a set of sub-goals for the robot to solve. WeFugeN-T5 (10), an LLM netuned on
datasets of language instructions. A qualitative analysis we performed showed that it performed
slightly better than LLMs not netuned on instructions.
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Figure 3: The VLM can act as an internal reward model by comparing language goals proposed by
the LLM to the collected observations.

The extraordinary in-context learning capabilities of these LLMs allowed us to use them off-the-shelf
(4, 34), without the need for in-domain netuning, and guide their behaviour by providing as few

as two examples of task instruction and desired language outputs: we describe the environment
setting, asking the LLM to nd sub-goals that would lead to solving a proposed task, providing two
examples of such tasks and relative sub-goals decomposition. With that, the LLM was able to emulate
the desired behaviour, not only in content, but also in the formatting of the output language which
allowed for ef cient parsing. In the Appendix we provide a more detailed description of the prompts
we use and the behaviour of the LLMs.

Grounding Instructions into Actions: The language goals provided by the LLMs are then grounded

into actions using a language-conditioned policy network. This network, parameterized as a Trans-
former @6), takes an embedding of the language sub-goal and the state of the MDP including object
and robot end-effector positions as input, each represented as a different vector, and outputs an action
for the robot to execute. This network is trained from scratch within an RL loop as we describe below.

Collect & Infer Learning Paradigm: Our agent learns from interaction with the environment
through a method inspired by the Collect & Infer paradig@8)( During the Collect phase, the agent
interacts with the environment and collects data in the form of states, observations, actions and current
goal as(st; ot; as; gi), predicting actions through its policy network,(s; gi) ! a;. After each
episode, the agent uses the VLM to infer if any sub-goals have been encountered in the collected data,
extracting additional rewards, as we explain in more detail later. If the episode ends with a reward, or
if any reward is provided by the VLM, the agent stores the episode data until the reward timestep

Fig. 4 (Left). These steps are executed\byistributed, parallel agents, that collect data into the
same experience buffel(= 1000 in our work). During the Infer phase, we train the policy through
Behavioural Cloning on this experience buffer after each agent has completed an episode, hence every
N total episodes, implementing a form of Self-Imitation on successful epis88g%4;, 7). The

updated weights of the policy are then shared with all the distributed agents and the process repeats.

5 APPLICATIONS AND RESULTS

We described the building blocks that compose our framework. The use of language as the core of
the agent provides a uni ed framework to tackle a series of fundamental challenges in RL. In the
following sections, we will investigate each of those contributions, focusingxpioration, reusing

past experience datascheduling and reusing skillsandlearning from observation. The overall
framework is also described in Algorithm 1.

5.1 EBEXPLORATION - CURRICULUM GENERATION THROUGHL ANGUAGE

RL bene ts substantially from carefully crafted, dense rewards (5). However, the presence of dense
rewards is rare in many real-world environments. Robotic agents need to be able to learn a wide range
of tasks in complex environments, but engineering dense reward functions becomes prohibitively time-
consuming as the number of tasks grows. Ef cient and general exploration is therefore imperative to
overcome these challenges and scale RL.

A wide variety of methods have been developed over the years to tackle exploration of sparse-reward
environments43; 51; 31; 16; 17, 35; 32; 27). Many propose decomposing a long-horizon task into
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Figure 4:Left: Illustration of our Collect & Infer pipelineMiddle, Right: Learning curves of our
framework and a baseline in tistack Red on BluandTriple Stacktasks.

shorter, easier to learn tasks, through curriculum generation and learning. Usually, these methods
need to learn to decompose tasks from scratch, hindering overall learning ef ciency. We demonstrate
how an RL agent leveraging LLMs can take advantage of a curriculum of text sub-goals that are
generatedvithout any past environment interaction

To guide exploration, the agent provides the task
deSCfiptionTn to the LLM, inStrUCt'ing it to de- A|gor|thm 1 Language_Centric Agent
compose the task into shorter-horizon sub-goats; / Training time:
effectively generating a curriculum of goalse ~ + ; Tra|n||(n_g t'mﬁzsj

in text form 1. The agent selects actions as? of taskin taskslo

f (st;Th) ! a. While the environment pro- 3: sgbgoals :LLI\/I(t_as_k)// nd text subgoals
vides a reward only iff, is solved, the VLM glvenbtaf?k descrlguon tine buff

is deployed to act as an additional, less spars® ~ €Xp_bufferappend( VLM (of ine_buffer,
reward model: given the observatiomsr col- subgoals) //extract successful eps from of-
lected during the episode and all the text sub-  In€ buff. collected in past taskSec. 5.2
goalsgo.c proposed by the LLM, it veries if
any of the sub-goals were solved at any step. 2;

for epin episodesio

(Sec. 5.}
We consider an observatian to represent a 7: E [so:7;00:7;a0:7; G /lcollect ep.
completion state for a sub-gogl if +(g) trajectory

(o) > In that case, the agent addss:
[(So;005@0; Tn); it (St 1500 ;@ 1;Th)] O 9
our experience buffer. The process is illustrated
in Fig. 3, 11 (in the Appendix). 10:

Results on StackX on Y and Triple Stack. We 11
compare our framework to a baseline agent that
learns only through environment rewards in Fi%
4. The learning curves clearly illustrate how ou

method is substantially more ef cient than th 4
baseline on all the tasks. Noticeably, our agen%
learning curve rapidly grows in thEiple Stack 5
task, while the baseline agent still has to receive
a single reward, due to the sparseness of ':é%
task beingl®®. We provide a visual example

r  collect nal reward

I internal VLME, subgoals)/extract

additional rewards for subgoals

if r O Finternal then
exp_bufferappend( Eoq:t,)
timesteps until reward

if eg6N == 0 then

BQepisode_bufferytrain agent

with BC everyN eps

//Add

. Il Test time:
: Receivetext_instructioror video_demo
. if text_instructiorthen

subgoals . LM(text_instructiol (Sec. 5.3)

. else ifvideo_demadhen

subgoals 2/LMvideo_demp(Sec. 5.4)

of the extracted sub-goals and rewards in trl% e

Appendix xecute (subgoals)]Sec. 5.3)

These results suggest something noteworthy: we

can compare the sparseness of the tasks with the

number of steps needed to reach a certain success rate, as in Fig. 5. We train our method also on the
Grasp the Red Objetask, the easiest of the three, with sparseness in the ordét oive can see

that, under our framework, the number of steps needed grows more slowly than the sparseness of
the task. This is a particularly important result, as generally the opposite is true in Reinforcement
Learning (35).

'For example, the LLM decomposeStack the red object on the blue objkicito the following sub-goals:
["The robot is grasping the red objéct The red object is on top of the blue obj§ct
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Figure 6: Our framework can reutilise of ine data collected on other tasks, extracting successful
trajectories for the new task at hand, bootstrapping policy learning.

This slower growth, enabled by the increase in the amount
of sub-goals proposed by the LLM as the task becomes
sparser, suggests that our framework can scale to even
harder tasks and make them tractable, assuming sub-goals
can be encountered with a uniform-like distribution at
any point during exploration. Additionally, unlike prior
approaches that need carefully crafted intrinsic rewards
or other exploration bonuses our approach can directly
leverage prior knowledge from LLMs and VLMs to gener-
ate a semantically meaningful curriculum for exploration,
thereby paving the way for general agents that explore in
a self-motivated manner even in sparse-reward environ-

ments.

Figure 5: With our framework, the num-
5.2 EXTRACT ber of steps needed to reach a certain
AND TRANSFER- EFFICIENT SEQUENTIAL success rate grows more slowly than the
TASKS LEARNING BY REUSING OFFLINE DATA sparseness of the task.

When interacting with their environments, our agents

should be able to learn a series of tasks over time, reusing

the prior collected data to bootstrap learning on any new task instead of statiirg rasa This is a
fundamental ability to scale up RL systems that learn from experience. Recent work has proposed
techniques to adapt task-agnostic of ine datasets to new tasks, but they can require laborious human
annotations and learning of reward models (5; 47; 9).

We leverage our language based framework to showcase bootstrapping based on the agent's past expe-
rience. We train three tasks in sequenstack the red object on the blue objestack the blue object

on the green objecandStack the green object on the red objebat we cal[Tr:g ; Ts:c ; Te:r |- The

intuition is simple: while exploring to solve, for examplg.g , it is likely that the agent had solved

other related tasks, likés.c or Tg.r , either completely or partially. The agent should therefore be

able to extract these examples when trying to solve the new tasks, in order not to start from scratch,
but reuse all the exploration data gathered for previous tasks.

As discussed in Sec. 4, our agent gathers an experience buffer of interaction data. We now equip
the agent with two different buffers:ldelong buffer or of ine buffer, where the agent stores each
episode of interaction data, and continues expanding it task after task. Then, the agemt\vdask

buffer, re-initialised at the beginning of each new task, that is lled, as in Sec. 5.1, with trajectories
that result in a reward, either external or internally provided by the VLM using LLM text sub-goals
(Fig. 3). The policy network is optimised using thew task buffer

Differently from before however, while the rst taskr:g , is learned from scratch, the agent reuses
the data collected during taskto bootstrap the learning of the next task 1. The LLM decomposes
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stored episod&, = [( So:t:n; Oo:T:n ; @0:T:n )] It then takes each episode's observatipn and uses

the VLM to compute dot-products score between all image observations and all text sub-goals as
t(g) (o). Ifthe score is larger than the thresholdhe agent adds all the episode’s timesteps

up tot, [(So:tn ; Oo:t:n ; Ao:tn )] to thenew task bufferThe process is illustrated in Fig. 6.

This procedure is repeated for each new task at the beginning of training. Following this procedure,
the agent does not start learning new tasiaila rasa at the beginning of task,, the current
experience buffer is lled with episodes useful to learn the task extracted gy Whenn increases,

the amount of data extracted frofp,, increases as well, speeding up learning.

Results on Experience Reuse for Sequential Tasks
Learning. The agent applies this method to learn
[Tre ; Te:c ; Te:r ] in succession. At the beginning of
each new task we re-initialise the policy weights: our goal
is to investigate the ability of our framework to extract and
re-use data, therefore we isolate and eliminate effects that
could be due to network generalisation.

We plot how many interaction steps the agent needs to
take in the environment to reach 50% success rate on each
new task in Fig. 7. Our experiments clearly illustrate the
effectiveness of our technique in reusing data collected for
previous tasks, improving the learning ef ciency of new

tasks. Figure 7: In our experiments, the agent

These results suggest that our framework can be emploged learn task + 1 faster than tash by

to unlock lifelong learning capabilities in robotic agentseusing past experience data.

the more tasks are learned in succession, the faster the next

one is learned. This can be particularly bene cial when

deploying agents in open-ended environments, particularly in the real world; by leveraging data
across its lifetime the agent has encountered it should be able to learn novel tasks far faster than
learning purely from scratch.

5.3 SCHEDULING AND REUSING LEARNED SKILLS

We described how our framework enables the agent with the ability to ef ciently explore and learn to
solve sparse-reward tasks, and to reuse and transfer data for lifelong learning.

Using its language-conditioned policy (Sec. 4), the agent can thus learn a sévieskifs, described
as a language gogh.m (e.g. 'The green object is on top of the red objeat "The robot is grasping
the blue objecy.

Our framework allows the agent to schedule and reusa/thekills it has learned to solve novel
tasks, beyond what the agent encountered during training. The paradigm follows the same steps we
encountered in the previous sections: a command3ikeek the green object on top of the red object

Figure 8: Our framework can break down a task into a list of skills using the LLM, and execute each
skill until the VLM predicts that its sub-goal has been reached.
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Figure 9: An illustration of the agent learning from observation using our framework.

or Stack the red on the blue and then the green on thésréetl to the LLM, which is prompted to
decompose it into a list of shorter-horizon goajsy . The agent can then ground these into actions
using the policy network &s (st;0,) ! a.

When executing tha-th skill, the VLM computes at each timestep §(g,) (o) > , thus
checking if the goal of the skill has been reached in the current observation. In that case, the agent
starts executing the + 1 -th skill, unless the task is solved.

5.4 LEARNING FROM OBSERVATION: MAPPING VIDEOS TOSKILLS

Learning from observing an external agent is a desirable ability for general agents, but this often
requires speci cally designed algorithms and moddig (L1; 52). Our agent can be conditioned on a
videoof an expert performing the task, enablioge-shot learning from observatioin our tests,

the agent takes a video of a human stacking the objects with their hand. The video is divided into
F framesyo.r . The agent then uses the VLM, paired with etextual description of the learned
skills, expressed as sub-goalsy , to detect what sub-goals the expert trajectory encountered as
follows: (1) the agent embeds each learned skill/sub-goal throwdf, ) and each video frame
through | (vf ) and compute the dot product between each pair. (2) it lists all the sub-goals that
obtain a similarity larger than, collecting the chronological list of sub-goals the expert encountered
during the trajectory. (3) It executes the list of sub-goals as described in Fig. 8.

Despite being netuned only on images from the MuJoCo simulation (Sec. 4), the VLM was able
to accurately predict the correct text-image correspondences on real-world images depicting both a
robot or a human arm. Notice also how we still refer to it g 'robot in the captions (Fig. 9), but

the VLM generalises to a human hand regardless.

6 CONCLUSION

We propose a framework that puts language at the core of an agent. Through a series of experiments,
we demonstrate how this framework provides a more uni ed approach with respect to the current
literature to tackle a series of core RL challenges that would normally require separate algorithms and
models:1) exploring in sparse-reward tasR¥reusing experience data to bootstrap learning of new
skills 3) scheduling learned skills to solve novel tasks dhkarning from observing expert agents.
These initial results suggest that leveraging foundation models can lead to general RL algorithms
that can tackle a variety of problems with improved ef ciency and generality. By leveraging the
prior knowledge within these models we can design better robotic agents that are capable of solving
challenging tasks directly in the real world. We provide a list of current limitations and future work

in the Appendix.



Reincarnating Reinforcement Learning Workshop at ICLR 2023

REFERENCES

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

Michael Ahn, Anthony Brohan, Noah Brown, Yevgen Chebotar, Omar Cortes, Byron David,
Chelsea Finn, Keerthana Gopalakrishnan, Karol Hausman, Alex Herzog, et al. Do as i can, not
as i say: Grounding language in robotic affordances. arXiv preprint arXiv:2204.01691, 2022.

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, lain Barr, Yana Hasson,
Karel Lenc, Arthur Mensch, Katie Millican, Malcolm Reynolds, et al. Flamingo: a visual
language model for few-shot learning. arXiv preprint arXiv:2204.14198, 2022.

Rishi Bommasani, Drew A Hudson, Ehsan Adeli, Russ Altman, Simran Arora, Sydney von
Arx, Michael S Bernstein, Jeannette Bohg, Antoine Bosselut, Emma Brunskill, et al. On the
opportunities and risks of foundation models. arXiv preprint arXiv:2108.07258, 2021.

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.

Serkan Cabi, Sergio Gémez Colmenarejo, Alexander Novikov, Ksenia Konyushkova, Scott
Reed, Rae Jeong, Konrad Zolna, Yusuf Aytar, David Budden, Mel Vecerik, et al. Scaling
data-driven robotics with reward sketching and batch reinforcement learning. arXiv preprint
arXiv:1909.12200, 2019.

Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou, Julien Mairal, Piotr Bojanowski,
and Armand Joulin. Emerging properties in self-supervised vision transformers. In Proceedings
of the IEEE/CVF international conference on computer vision, pages 9650-9660, 2021.

Lili Chen, Kevin Lu, Aravind Rajeswaran, Kimin Lee, Aditya Grover, Misha Laskin, Pieter
Abbeel, Aravind Srinivas, and Igor Mordatch. Decision transformer: Reinforcement learning
via sequence modeling. Advances in neural information processing systems, 34:15084-15097,
2021.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde de Oliveira Pinto, Jared
Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, et al. Evaluating large
language models trained on code. arXiv preprint arXiv:2107.03374, 2021.

Paul F Christiano, Jan Leike, Tom Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep
reinforcement learning from human preferences. Advances in neural information processing
systems, 30, 2017.

Hyung Won Chung, Le Hou, Shayne Longpre, Barret Zoph, Yi Tay, William Fedus, Eric Li,
Xuezhi Wang, Mostafa Dehghani, Siddhartha Brahma, et al. Scaling instruction-finetuned
language models. arXiv preprint arXiv:2210.11416, 2022.

Neha Das, Sarah Bechtle, Todor Davchev, Dinesh Jayaraman, Akshara Rai, and Franziska Meier.
Model-based inverse reinforcement learning from visual demonstrations. In Jens Kober, Fabio
Ramos, and Claire Tomlin, editors, Proceedings of the 2020 Conference on Robot Learning,
volume 155 of Proceedings of Machine Learning Research, pages 1930-1942. PMLR, 16-18
Nov 2021. URL https://proceedings.mlr.press/v155/das2la.html.

Ishita Dasgupta, Christine Kaeser-Chen, Kenneth Marino, Arun Ahuja, Sheila Babayan, Felix
Hill, and Rob Fergus. Collaborating with language models for embodied reasoning. arXiv
preprint arXiv:2302.00763, 2023.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al.
An image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

Adrien Ecoffet, Joost Huizinga, Joel Lehman, Kenneth O Stanley, and Jeff Clune. Go-explore:
a new approach for hard-exploration problems. arXiv preprint arXiv:1901.10995, 2019.



Reincarnating Reinforcement Learning Workshop at ICLR 2023

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

Linxi Fan, Guanzhi Wang, Yunfan Jiang, Ajay Mandlekar, Yuncong Yang, Haoyi Zhu, Andrew
Tang, De-An Huang, Yuke Zhu, and Anima Anandkumar. Minedojo: Building open-ended
embodied agents with internet-scale knowledge. arXiv preprint arXiv:2206.08853, 2022.

Carlos Florensa, David Held, Markus Wulfmeier, Michael Zhang, and Pieter Abbeel. Reverse
curriculum generation for reinforcement learning. In Conference on robot learning, pages
482-495. PMLR, 2017.

Oliver Groth, Markus Wulfmeier, Giulia Vezzani, Vibhavari Dasagi, Tim Hertweck, Roland
Hafner, Nicolas Heess, and Martin Riedmiller. Is curiosity all you need? on the utility of
emergent behaviours from curious exploration. arXiv preprint arXiv:2109.08603, 2021.

Kaiming He, Xinlei Chen, Saining Xie, Yanghao Li, Piotr Doll4r, and Ross Girshick. Masked
autoencoders are scalable vision learners. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 16000—-16009, 2022.

Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor Cai, Eliza
Rutherford, Diego de Las Casas, Lisa Anne Hendricks, Johannes Welbl, Aidan Clark, et al.
Training compute-optimal large language models. arXiv preprint arXiv:2203.15556, 2022.

Wenlong Huang, Pieter Abbeel, Deepak Pathak, and Igor Mordatch. Language models as
zero-shot planners: Extracting actionable knowledge for embodied agents. In International
Conference on Machine Learning, pages 9118-9147. PMLR, 2022.

Wenlong Huang, Fei Xia, Ted Xiao, Harris Chan, Jacky Liang, Pete Florence, Andy Zeng,
Jonathan Tompson, Igor Mordatch, Yevgen Chebotar, et al. Inner monologue: Embodied
reasoning through planning with language models. arXiv preprint arXiv:2207.05608, 2022.

Eric Jang, Alex Irpan, Mohi Khansari, Daniel Kappler, Frederik Ebert, Corey Lynch, Sergey
Levine, and Chelsea Finn. Bc-z: Zero-shot task generalization with robotic imitation learning.
In Conference on Robot Learning, pages 991-1002. PMLR, 2022.

Matthew Johnson, Katja Hofmann, Tim Hutton, and David Bignell. The malmo platform
for artificial intelligence experimentation. In International Joint Conference on Artificial
Intelligence, 2016.

Anssi Kanervisto, Stephanie Milani, Karolis Ramanauskas, Nicholay Topin, Zichuan Lin, Jun-
you Li, Jianing Shi, Deheng Ye, Qiang Fu, Wei Yang, et al. Minerl diamond 2021 competition:
Overview, results, and lessons learned. NeurlPS 2021 Competitions and Demonstrations Track,
pages 13-28, 2022.

Alexander Kolesnikov, Lucas Beyer, Xiaohua Zhai, Joan Puigcerver, Jessica Yung, Sylvain Gelly,
and Neil Houlsby. Big transfer (bit): General visual representation learning. In Computer Vision—
ECCV 2020: 16th European Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part
V 16, pages 491-507. Springer, 2020.

Alex X Lee, Coline Manon Devin, Yuxiang Zhou, Thomas Lampe, Konstantinos Bousmalis,
Jost Tobias Springenberg, Arunkumar Byravan, Abbas Abdolmaleki, Nimrod Gileadi, David
Khosid, et al. Beyond pick-and-place: Tackling robotic stacking of diverse shapes. In 5th
Annual Conference on Robot Learning, 2021.

Andrew Levy, George Konidaris, Robert Platt, and Kate Saenko. Learning multi-level hierar-
chies with hindsight. arXiv preprint arXiv:1712.00948, 2017.

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, 2023.

Yujia Li, David Choi, Junyoung Chung, Nate Kushman, Julian Schrittwieser, Rémi Leblond,
Tom Eccles, James Keeling, Felix Gimeno, Agustin Dal Lago, et al. Competition-level code
generation with alphacode. Science, 378(6624):1092-1097, 2022.

Corey Lynch and Pierre Sermanet. Language conditioned imitation learning over unstructured
data. arXiv preprint arXiv:2005.07648, 2020.

10



Reincarnating Reinforcement Learning Workshop at ICLR 2023

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

Tambet Matiisen, Avital Oliver, Taco Cohen, and John Schulman. Teacher—student curriculum
learning. |IEEE transactions on neural networks and learning systems, 31(9):3732-3740, 2019.

Ofir Nachum, Shixiang Shane Gu, Honglak Lee, and Sergey Levine. Data-efficient hierarchical
reinforcement learning. Advances in neural information processing systems, 31, 2018.

Junhyuk Oh, Yijie Guo, Satinder Singh, and Honglak Lee. Self-imitation learning. In Interna-
tional Conference on Machine Learning, pages 3878-3887. PMLR, 2018.

Catherine Olsson, Nelson Elhage, Neel Nanda, Nicholas Joseph, Nova DasSarma, Tom
Henighan, Ben Mann, Amanda Askell, Yuntao Bai, Anna Chen, et al. In-context learning
and induction heads. arXiv preprint arXiv:2209.11895, 2022.

Deepak Pathak, Pulkit Agrawal, Alexei A Efros, and Trevor Darrell. Curiosity-driven exploration
by self-supervised prediction. In International conference on machine learning, pages 2778-
2787. PMLR, 2017.

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,
pages 8748-8763. PMLR, 2021.

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen. Hierarchical
text-conditional image generation with clip latents. arXiv preprint arXiv:2204.06125, 2022.

Martin Riedmiller, Jost Tobias Springenberg, Roland Hafner, and Nicolas Heess. Collect &
infer - a fresh look at data-efficient reinforcement learning. In 5th Annual Conference on Robot
Learning, Blue Sky Submission Track, 2021. URL https://openreview.net/forum?
1d=gqscEfLT5VJK.

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross Wightman,
Mehdi Cherti, Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, et al. Laion-
5b: An open large-scale dataset for training next generation image-text models. arXiv preprint
arXiv:2210.08402, 2022.

Mohit Shridhar, Lucas Manuelli, and Dieter Fox. Cliport: What and where pathways for robotic
manipulation. In Conference on Robot Learning, pages 894-906. PMLR, 2022.

David Silver, Thomas Hubert, Julian Schrittwieser, loannis Antonoglou, Matthew Lai, Arthur
Guez, Marc Lanctot, Laurent Sifre, Dharshan Kumaran, Thore Graepel, et al. Mastering
chess and shogi by self-play with a general reinforcement learning algorithm. arXiv preprint
arXiv:1712.01815, 2017.

Laura Smith, Nikita Dhawan, Marvin Zhang, Pieter Abbeel, and Sergey Levine. Avid: Learning
multi-stage tasks via pixel-level translation of human videos. arXiv preprint arXiv:1912.04443,
2019.

Sainbayar Sukhbaatar, Zeming Lin, [lya Kostrikov, Gabriel Synnaeve, Arthur Szlam, and Rob
Fergus. Intrinsic motivation and automatic curricula via asymmetric self-play. arXiv preprint
arXiv:1703.05407, 2017.

Theodore Sumers, Kenneth Marino, Arun Ahuja, Rob Fergus, and Ishita Dasgupta. Distilling
internet-scale vision-language models into embodied agents. arXiv preprint arXiv:2301.12507,
2023.

Emanuel Todorov, Tom Erez, and Yuval Tassa. Mujoco: A physics engine for model-based
control. In 2012 IEEE/RSJ International Conference on Intelligent Robots and Systems, pages
5026-5033, 2012. doi: 10.1109/IROS.2012.6386109.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural information
processing systems, 30, 2017.

11


https://openreview.net/forum?id=qscEfLT5VJK
https://openreview.net/forum?id=qscEfLT5VJK

Reincarnating Reinforcement Learning Workshop at ICLR 2023

[47]

[48]

[49]

[50]

[51]

[52]

Christian Wirth, Riad Akrour, Gerhard Neumann, and Johannes Fiirnkranz. A survey of
preference-based reinforcement learning methods. J. Mach. Learn. Res., 18:136:1-136:46,
2017.

Ted Xiao, Harris Chan, Pierre Sermanet, Ayzaan Wahid, Anthony Brohan, Karol Hausman,
Sergey Levine, and Jonathan Tompson. Robotic skill acquisition via instruction augmentation
with vision-language models. arXiv preprint arXiv:2211.11736, 2022.

Andy Zeng, Pete Florence, Jonathan Tompson, Stefan Welker, Jonathan Chien, Maria Attarian,
Travis Armstrong, Ivan Krasin, Dan Duong, Vikas Sindhwani, et al. Transporter networks:
Rearranging the visual world for robotic manipulation. In Conference on Robot Learning, pages
726-747. PMLR, 2021.

Andy Zeng, Adrian Wong, Stefan Welker, Krzysztof Choromanski, Federico Tombari, Aveek
Purohit, Michael Ryoo, Vikas Sindhwani, Johnny Lee, Vincent Vanhoucke, et al. So-

cratic models: Composing zero-shot multimodal reasoning with language. arXiv preprint
arXiv:2204.00598, 2022.

Yunzhi Zhang, Pieter Abbeel, and Lerrel Pinto. Automatic curriculum learning through value
disagreement. Advances in Neural Information Processing Systems, 33:7648-7659, 2020.

Yuxiang Zhou, Yusuf Aytar, and Konstantinos Bousmalis. Manipulator-independent representa-
tions for visual imitation. arXiv preprint arXiv:2103.09016, 2021.

12



(-



	Introduction
	Related Work
	Preliminaries
	A Framework for Language-Centric Agents
	Applications and Results
	Exploration - Curriculum Generation through Language
	Extract and Transfer - Efficient Sequential Tasks Learning by Reusing Offline Data
	Scheduling and Reusing Learned Skills
	Learning from Observation: Mapping Videos to Skills

	Conclusion
	Appendix
	Finetuning CLIP on in-domain Data
	Current Limitations and Future Work
	Prompts and outputs of the LLM


