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Abstract

Humans can quickly learn new behaviors by leveraging background world knowledge. In
contrast, agents trained with reinforcement learning (RL) typically learn behaviors from
scratch. We thus propose a novel approach that uses the vast amounts of general and index-
able world knowledge encoded in vision-language models (VLMs) pre-trained on Internet-
scale data for embodied RL. We initialize policies with VLMs by using them as promptable
representations: embeddings that encode semantic features of visual observations based on
the VLM’s internal knowledge and reasoning capabilities, as elicited through prompts that
provide task context and auxiliary information. We evaluate our approach on visually-
complex, long horizon RL tasks in Minecraft and robot navigation in Habitat. We find
that our policies trained on embeddings from off-the-shelf, general-purpose VLMs outper-
form equivalent policies trained on generic, non-promptable image embeddings. We also
find our approach outperforms instruction-following methods and performs comparably to
domain-specific embeddings. Finally, we show that our approach can use chain-of-thought
prompting to produce representations of common-sense semantic reasoning, improving pol-
icy performance in novel scenes by 1.5 times.

1 Introduction

Embodied decision-making often requires representations informed by world knowledge for perceptual
grounding, planning, and control. Humans rapidly learn to perform sensorimotor tasks by drawing on
prior knowledge, which might be high-level and abstract (“If 'm cooking something that needs milk, the
milk is probably in the refrigerator”) or grounded and low-level (e.g., what refrigerators and milk look like).
These capabilities would be highly beneficial for reinforcement learning (RL) too: we aim for our agents to
interpret tasks in terms of concepts that can be reasoned about with relevant prior knowledge and grounded
with previously-learned representations, thus enabling more efficient learning. However, doing so requires
a condensed source of vast amounts of general-purpose world knowledge, captured in a form that allows us
to specifically index into and access task-relevant information. Therefore, we need representations that are
contextual, such that agents can use a concise task context to draw out relevant background knowledge,
abstractions, and grounded features that aid it in acquiring a new behavior.

An approach to facilitate this involves integrating RL agents with the prior knowledge and reasoning abilities
of pre-trained foundation models. Transformer-based language models (LMs) and vision-language models
(VLMSs) are trained on Internet-scale data to enable generalization in downstream tasks requiring facts or
common sense. Moreover, in-context learning (Brown et al., 2020, chain-of-thought reasoning (CoT) (Wei
et al., |2023), and instruction fine-tuning (Ouyang et al.l 2022|) have provided better ways to index into
(V)LMs’ knowledge and steer their capabilities based on user needs. These successes have seen some transfer
to embodied control, with (V)LMs being used to reason about goals to produce executable plans (Ahn et al.,
2022)) or as encoders of useful information (like instructions (Liu et al., [2023)) or feedback (Sharma et al.,
2023)) that the control policy utilizes. Both these paradigms have major limitations: actions generated by
LMs are often not appropriately grounded, unless the tasks and scenes are amenable to being expressed or
captioned in language. Even then, (V)LMs are often only suited to producing subtask plans, not low-level
control signals. On the other hand, using (V)LMs to simply encode inputs under-utilizes their knowledge and



Under review as submission to TMLR

Habitat Task: Find Toilet

Observations N\

Learned Task

Policy Env
Actions >
el “E ol

Minecraft Task: Combat Spider

|
Observations I
¢ |
| m
| ] .
.- |
Actions .
& e |
|
|
|
|

Prompt
“Spiders in Minecraft
are black. Is there a

spider in this image?”

S ¢
JEAL Prompt

“Would a toilet be
found here? Why or

why not?”

000000
000000

“No, as it’s a bedroom. Toilets

Yes, there is a spider. are usually found in bathrooms.”

Figure 1: Example instantiations of PR2L for tasks in Minecraft and Habitat. We query a VLM with a task-
relevant prompt about observations to produce promptable representations, which we train a policy on via RL. Rather than
directly asking for actions or specifying the task, the prompt enables indexing into the VLM’s prior world knowledge to access
task-relevant information. This prompt also allows us to inject auxiliary information and elicit chain-of-thought reasoning.

reasoning abilities, instead focusing on producing embeddings that reflect the compositionality of language
(e.g., so an instruction-following policy may generalize). This motivates the development of an algorithm for
learning to produce low-level actions that are grounded and leverage (V)LMs’ knowledge and reasoning.

To this end, we introduce Promptable Representations for Reinforcement Learning (PR2L): a flexible
framework for steering VLMs into producing semantic features, which (i) integrate observations with prior
task knowledge and (ii) are grounded into actions via RL (see Figure|l)). Specifically, we ask a VLM questions
about observations that are related to the given control task, priming it to attend to task-relevant features
in the image based on both its internal world knowledge, reasoning capabilities, and any supplemental
information injected via prompting. The VLM then encodes this information in decoded text, which is
discarded, and associated embeddings, which serve as inputs to a learned policy. In contrast to the standard
approach of using pre-trained image encoders to convert visual inputs into generic features for downstream
learning, our method yields task-specific features capturing information particularly conducive to learning
a considered task. Thus, the VLM does not just produce an un-grounded encoding of instructions, but
embeddings containing semantic information relevant to the task, that is both grounded and informed by
the VLM’s prior knowledge.

To the best our knowledge, we introduce the first approach for initializing RL policies with generative VLM
representations. We demonstrate our approach on tasks in Minecraft and Habitat (Savva
, as they present semantically-rich problems representative of many practical, realistic, and
challenging applications of RL. We find that PR2L outperforms equivalent policies trained on vision-only
embeddings or with instruction-conditioning, popular ways of using pre-trained image models and VLMs
respectively for control. We also show that promptable representations extracted from general-purpose
VLMs are competitive with domain-specific representations. Our results highlight how visually-complex
control tasks can benefit from accessing the knowledge captured within VLMs via prompting in both online
and offline RL settings.

2 Related Works

Vision-language models. In this work, we utilize generative VLMs (like [Li et al.| (2022} |2023a));
let al. (2023); Karamcheti et al. (2024)): models that generate language in response to an image and a text
prompt passed as input. This is in contrast to other designs of combining vision and language that either
generate images or segmentation (Rombach et al.,[2022; Kirillov et al.,|2023)) and contrastive representations
(Radford et al., [2021). Formally, the VLM enables sampling from p(z1.x|I,c), where x1.x represents the
K tokens of the output, I is the input image(s), ¢ is the prompt, and p is the distribution over natural
language responses produced by the VLM on those inputs. Typically, the VLM is pre-trained on tasks that
require building association between vision and language such as captioning. All these tasks require learning
to attend to certain semantic features of input images depending on the given prompt. For auto-regressive
generative VLMs, this distribution is factorized as [[, p(z¢|I, ¢, z1.4—1). Typical architectures parameterize
these distributions using weights that define a representation ¢¢(I, ¢, 1.4—1), which depends on the image
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I, the prompt ¢, and the previously emitted tokens, and a decoder p(z¢|¢:(I,c,21.t—1)), which defines a
distribution over the next token.

Embodied (V)LM reasoning. Many recent works have leveraged (V)LMs as priors over effective plans
for a given goal. These works use the model’s language modeling and auto-regressive generation capabilities
to extract such priors as textual subtask sequences (Ahn et al., [2022; Huang et al., [2022bj |Sharma et al.|
2022) or code (Liang et al., |2023; [Singh et al.| [2022; [Zeng et al.,|2022} |Vemprala et al.| [2023), thereby using
the (V)LM to decompose long-horizon tasks into executable parts. These systems often need grounding
mechanisms to ensure plan feasibility (e.g., affordance estimators (Ahn et al., 2022), scene captioners (Zeng
et al.| 2022), or trajectory labelers (Palo et al., [2023)). They also often assume access to low-level policies
that can execute these subtasks, such as robot pick-and-place skills (Ahn et al., 2022} [Liang et al., 2023),
which is often a strong assumption. These methods generally do not address how such policies can be
acquired, nor how these low-level skills can themselves benefit from the prior knowledge in (V)LMs. Even
works in this area that use RL still use (V)LMs as state-dependent priors over reasonable high-level goals to
learn (Du et al., 2023). This is a key difference from our work: instead of considering priors on plans/goals,
we rely on VLM’s implicit knowledge of the world to extract representations which encode task-relevant
information. We train a policy to convert these features into low-level actions via standard RL, meaning the
VLM does not need to know how to take actions for a task.

Embodied (V)LM pre-training. Other works use (V)LMs to embed useful information like instructions
(Liu et al., |2023; Myers et al., 2023} Lynch & Sermanet| 2021; [Mees et all 2023; |(O.M.T. et al.l 2023),
feedback (Sharma et al., 2023} Bucker et al., |2022), reward specifications (Fan et al., 2022), and data for
world modeling (Lin et al., 2023b; Narasimhan et al., |2018]). These works use (V)LMs as encoders of the
compositional semantic structure of input text and images, which aids in generalization: an instruction-
conditioned model may never have learned to grasp apples (but can grasp other objects), but by interacting
with them in other ways and receiving associated language descriptions, the model might still be able to
grasp them zero-shot. In contrast, our method produces embeddings that are informed by world knowledge
and reasoning, both from prompting and pre-training. Rather than just specifying that the task is to acquire
an apple, we ask a VLM to parse observations into task-relevant features, like whether there is an apple in
the image or if the observed location likely contains apples — information that is useful even in single-task
RL. Thus, we use VLMs to help RL solve new tasks, not just to follow instructions.

These two categories are not mutually exclusive: Brohan et al. (2023a)) use VLMs to understand instructions,
but also reasoning (e.g., figuring out the “correct bowl” for a strawberry is one that contains fruits); |Palo
et al. (2023)) use a LM to reason about goal subtasks and a VLM to know when a trajectory matches a
subtask, automating the demonstration collection/labeling of |Ahn et al.| (2022), while |Adeniji et al. (2023)
use a similar approach to pretrain a language-conditioned RL policy that is transferable to learning other
tasks; and |Shridhar et al.| (2021) use CLIP to merge vision and text instructions directly into a form that
a Transporter (Zeng et al., |2020) policy can operationalize. Nevertheless, these works primarily focus on
instruction-following for robot manipulation. Our approach instead prompts a VLM to supplement RL with
representations of world knowledge, not instructions. In addition, except for |Adeniji et al.| (2023), these
works focus on behavior cloning (BC), assuming access to demonstrations for policy learning, whereas our
framework can be used for both online RL and offline RL/BC.

3 PR2L: Promptable Representations for Reinforcement Learning

We adopt the standard framework of partially-observed Markov decision process in deep RL, wherein the
objective is to find a policy mapping states to actions that maximizes the expected returns. Our goal is to
supplement RL with task-relevant information extracted from VLMs containing general-purpose knowledge.
One way to index into this information is by prompting the model to get it to produce semantic information
relevant to a given control task. Therefore, our approach, PR2L, queries a VLM with a task-relevant prompt
for each visual observation received by the agent, and receives both the decoded text and, critically, the
intermediate representations, which we refer to as promptable representations. Even though the decoded
text might often not be correct or directly usable for choosing the action, our key insight is that these VLM
embeddings can still provide useful semantic features for training control policies via RL. This recipe enables
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Figure 2: Schematic of how we extract task-relevant features from the VLM and use them in a policy trained
with RL. These representations can incorporate task context from the prompt, while generic image embeddings cannot. As
generative VLM’s embeddings can be variable length, the policy has a Transformer layer that takes in these embeddings and a
“CLS” token, thereby condensing all inputs into a single summary vector.

us to incorporate semantic information without the need of re-training or fine-tuning a VLM to directly
output actions, as proposed by [Brohan et al. (2023a)). Note that our method is not an instruction-following
method, and it does not require a task instruction to perform well. Instead, our approach still learns control
via RL, while benefiting from the incorporation of background context. In this section, we will describe
various components of our approach, accompanied by practical design choices and considerations.

3.1 Promptable Representations

In principle, one can directly query a VLM to produce actions for a task given a visual observation. While this
may work when high-level goals or subtasks are sufficient, VLMs are empirically poor at yielding the low-level
actions used commonly in RL (Huang et al.|[2022a)). As VLMSs are trained to follow instructions and answer
questions about images, it is more appropriate to use these models to extract and reason about semantic
features about observations that are conducive to being linked to actions. We thus elicit features that are
useful for the downstream task by querying these VLMs with task-relevant prompts that provide contextual
task information, thereby causing the VLM to attend to and interpret appropriate parts of observed images.
Extracting these features naively by only using the VLM’s decoded text has its own challenges: such models
often suffer from hallucinations (Ji et al., and an inability to report what they “know” in language,
even when their embeddings contain such information (Kadavath et al.| [2022; [Hu & Levyl| 2023). However,
even when the text is bad, the underlying representations still contain valuable granular world information
that is potentially lost in the projection to language (Li et al.| 2021} Wiedemann et al.| [2019; [Huang et al.,
[2023} [Li et al., [2023b). Thus, we disregard the generated text and instead provide our policy the embeddings
produced by the VLM in response to prompts asking about relevant semantic features in observations instead.

Which parts of the network can be used as promptable representations? The VLMs we consider are
all based on the Transformer architecture (Vaswani et al.,[2017)), which treats the prompt, input image(s), and
decoded text as token sequences. This architecture provides a source of learned representations by computing
embeddings for each token at every layer based on the previous layer’s token embeddings. In terms of the
generative VLM formalism introduced prior, a Transformer-based VLM’s representations ¢.(I, ¢, 1.4—1)
consist of N embeddings per token (the outputs of the N self-attention layers) in the input image I, prompt
¢, and decoded text z1.;,—1. The decoder p(z|¢;) extracts the final layer’s embedding of the most recent token
T_1, projecting it to a distribution over the token vocabulary and allowing for it to be sampled. When given
a visual observation and task prompt, the tokens representing the prompt, image, and answer consequently
encode task-relevant semantic information. Thus, for each observation, we use the VLM to sample a response
to the task prompt 1.5 ~ p(x1.x|I,¢). We then use some or all of these token embeddings ¢ (I, ¢, 1.4-1)
as our promptable representations and feed them, along with any non-visual observation information, as a
state representation into our neural policy trained with RL.

In summary, our approach involves creating a task-relevant prompt that provides context and auxiliary
information. This prompt, alongside the current visual observation from the environment, is fed to into the
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VLM to generate tokens. While these tokens are used for decoding, they are ultimately discarded. Instead,
we utilize the representations produced by the VLM (associated with the image, prompt, and decoded text)
as input for our policy, which is trained via an off-the-shelf online RL algorithm to produce appropriate
actions. A schematic of our approach is depicted in Figure 2] and a code snippet example is presented in
Appendix I

3.2 Design Choices for PR2L

To instantiate this idea, we need to make some concrete design choices in practice. First, the representations
of the VLM’s decoded text depend on the chosen decoding scheme: greedy decoding is fast and determin-
istic, but may yield low-probability decoded tokens; beam search improves on this by considering multiple
“branches” of decoded text, at the cost of requiring more compute time (for potentially small improvements);
lastly, sampling-based decoding can quickly yield estimates of the maximum likelihood answer, but at the
cost of introducing stochasticity, which may increase variance. Given the inherent high-variance of our tasks
(due to sparse rewards and partial observability) and the expense of VLM decoding, we opt for greedy
decoding or fixed-seed sampling.

Second, one must choose which VLM layers’ embeddings to utilize in the policy. While theoretically, all
layers of the VLM could be used, pre-trained Transformer models tend to encode valuable high-level semantic
information in their later layers (Tenney et al.| 2019; |Jawahar et al., 2019). Thus, we opt to only feed the
final few layers’ representations into our policy. As these representation sequences are of variable length,
we incorporate an encoder-decoder Transformer layer in the policy. At each time step in a trajectory, this
layer receives variable-length VLM representations, which are attended to and converted into a fixed-length
summarization by the embeddings of a learned “CLS” token (Devlin et al., 2019) in the decoder (green in
Figure . We also note that this policy can receive the observed image directly (e.g., after being embedded
by the image encoder), so as to not lose any visual information from being processed by the VLM. However,
we do not do this in our experiments in order to more clearly isolate and demonstrate the usefulness of the
VLM'’s representations in particular.

Finally, while it is possible to fine-tune the VLM for RL end-to-end with the policy (Brohan et al.,[2023a)),this
incurs substantial compute, memory, and time overhead, particularly with larger VLMs. Nonetheless, we
find that our approach performs better than not using the language and prompting components of the VLM.
This holds true even when the VLM is frozen, and only the policy is trained via RL, or when the decoded
text occasionally fails to answer the task-specific prompt correctly.

3.3 Task-Relevant Prompt Design

How do we design good prompts to elicit useful representations from VLMs? As we aim to
extract good state representations from the VLM for a downstream policy, we do not use instructions or
task descriptions, but task-relevant prompts: questions that make the VLM attend to and encode semantic
features in the image that are useful for the RL policy learning to solve the task (Borja-Diaz et al.,|2022). For
instance, if the task is to find a toilet within a house, appropriate prompts include “What room is this?” and
“Would a toilet be found here?” Intuitively, the answers to these questions help determine good actions (e.g.,
look around the room or explore elsewhere), making the corresponding representations good for representing
the state for a policy. Answering the questions will require the VLM to attend to task-relevant features in
the scene, relying on the model’s internal conception of what things look like and common-sense semantic
relations. One can also prompt the VLM to use chain of thought (Wei et al.l |2023)) to explain its generated
text, often requiring it to reason about task-relevant features in the image, resulting in further enrichment of
the state representations. Finally, prompts can provide helpful auxiliary information: e.g., one can describe
what certain entities of interest look like, aiding the VLM in detecting them even if they were not commonly
found in the model’s pre-training data.

Note that prompts based on instructions or task descriptions do not enjoy the above properties: while the
goal of those prior methods is to be able to directly query the VLM for the optimal action, the goal of task-
relevant prompts is to produce a useful state representation, such that running RL with them can accelerate
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learning an optimal policy. While the former is not possible without task-specific training data for the VLM
in the control task, the latter proves beneficial with off-the-shelf VL Ms.

Evaluating and designing prompts for RL. Since the specific representations elicited from the VLM
are determined by the prompt, we want to design prompts that produce promptable representations that
maximize performance on the downstream task. The brute-force approach would involve running RL with
each candidate prompt to measure its efficacy, but this would be computationally very expensive. In lieu
of this, we evaluate candidate prompts on a small dataset of observations labeled with semantic features of
interest for the considered task. Example features include whether task-relevant entities are in the image, the
relative position of said entities, or even actions (if expert demonstrations are available). We test prompts
by querying the VLM and checking how well the resulting decoded text for each image matches ground truth
labels. As this is only practical for small, discrete spaces that are easily expressed in words, we see how well
a small model can fit the VLM’s embeddings to the labels (akin to probing in self-supervised learning (Shi
et al.l 2016; Belinkov & Glass| [2019)). While this does not directly optimize for task performance, it does
act as a proxy that ensures a prompt’s resulting representations encode certain semantic features which are
helpful for the task.

4 Experimental Setups

Our experiments analyze whether promptable representations from VLMs provide benefits to downstream
control, thus providing an effective vehicle for transferring Internet-scale knowledge to RL. We aim to show
that PR2L is a good source of state representations, even with our current VLMs that are bad at reasoning
about actions — as such models become more performant, we expect such representations to be even better.
We thus design experiments to answer the following: (1) Can promptable representations obtained via task-
specific prompts enable more performant and sample-efficient learning than those of non-promptable image
encoders pre-trained for vision or control? (2) How does PR2L compare to approaches that directly “ask”
the VLM to generate good actions for a task specified in the prompt? (3) How does PR2L fare against other
popular learning approaches or purely visual features in our domains of interest?

4.1 Domain 1: Minecraft

We first conduct experiments in Minecraft, which provides control tasks that require associating visual
observations with rich semantic information to succeed. Moreover, since these observations are distinct
from the images in the the pre-training dataset of the VLM, succeeding on these tasks relies crucially on
the efficacy of the task-specific prompt in meaningfully affecting the learned representation, enabling us to
stress-test our method. E.g., while spiders in Minecraft somewhat resemble real-life spiders, they exhibit
stylistic exaggerations such as bright red eyes and a large black body. If the task-specific prompt is indeed
effective in informing the VLM of these facts, it would produce a representation that is more conducive to
policy learning and this would be reflected in task performance. For this domain, we use the half-precision
Vicuna-7B version of the InstructBLIP instruction-tuned generative VLM (Dai et al., 2023} |Chiang et al.,
2023)) to produce promptable representations.

Minecraft tasks. We consider all programmatic Minecraft tasks evaluated by [Fan et al.| (2022): combat
spider, milk cow, shear sheep, combat zombie, combat enderman, and combat pigmanEL The
remaining tasks considered by [Fan et al. (2022)) are creative tasks, which do not have programmatic reward
functions or success detectors, so we cannot directly train RL agents on them. We follow the MineDojo
definitions of observation/action spaces and reward function structures for these tasks: at each time step,
the policy observes an egocentric RGB image, its pose, and its previously action; the policy can choose a
discrete action to turn the agent by changing the agent’s pitch and/or yaw in discrete increments, move,
attack, or use a held item. These tasks are long horizon, with a maximum episode length of 500 - 1000 and
taking roughly 200 steps for a learned policy to complete them. See Figure [3| for example observations and
Appendix for more details.

1 [Fan et al.| (2022) also consider hunt cow/sheep. However, we omit them as we were unable to replicate their results on
those tasks; all approaches failed to learn them.
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Comparisons. We compare PR2L to five performant classes of approaches for RL in Minecraft: (a) Meth-
ods using non-promptable representations of visual observations. This does not use prompting altogether,
instead using task-agnostic embeddings from the VLM’s image encoder (specifically, the ViT-g/14 from In-
struct BLIP — blue in Figure. While these representations are still pre-trained, PR2L utilizes prompting to
produce task-specific representations. For a fair comparison, we use the eract same policy architecture and
hyperparameters for this baseline as in PR2L, ensuring that performance differences come from prompting
for better representations from the VLM. (b) Methods that directly “asks” the VLM to output actions to
execute on the agent. This adapts the approach of [Brohan et al.| (2023a) to our setting and directly outputs
the action from the VLM. While Brohan et al. (2023a) also fine-tune the VLM backbone, we are unable
to do so using our compute resources. To compensate, we do not just execute the action from the VLM,
but train an RL policy to map this decoded action to a better one. Note that if the VLM already decodes
good action texts, simply copying over this action via RL should be easy. (¢) Methods for efficient RL from
pixels via model-based approaches. We choose Dreamer v3, since it has proven to be successful at learn-
ing Minecraft tasks from scratch [Hafner et al. (2023). (d) Methods leveraging pretrained representations
specifically useful for embodied control, though which are non-promptable and non-Minecraft specific. We
choose VC-1 and R3M Majumdar et al. (2023); |[Nair et al.| (2022). (e) Methods using models pre-trained
on large-scale Minecraft data. These serve as “oracle” comparisons, as these representations are explicitly
fine-tuned on Minecraft YouTube videos, whereas our pre-trained VLM is both frozen and not trained on
any Minecraft video data. We choose MineCLIP, VPT, and STEVE-1 as our sources of Minecraft-specific
representations Fan et al.| (2022); Baker et al.| (2022)); Lifshitz et al. (2023]).

We use PPO (Schulman et al., |2017) as our base RL algorithm for all non-Dreamer Minecraft policies. We
also note that we do not compare against non-RL methods, such as Voyager (which uses LLMs to write
high-level code skills, abstracting away low-level control to hand-written APIs that use oracle information).
See Appendix for training details and for further discussion of such non-learned systems.

4.2 Domain 2: Habitat

A major advantage of VLMs pre-trained on Internet-scale data is their reasoning and generalization capa-
bilities. To evaluate this, we run offline BC and RL experiments in the Habitat household simulator. In
contrast to Minecraft, tasks in this domain require connecting naturalistic images with real-world common
sense about the structure and contents of typical home environments. Our experiments evaluate (1) whether
PR2L confers the generalization properties of VLMs to our policies, (2) whether PR2L-based policies can
leverage the semantic reasoning capabilities of the underlying VLM (e.g., via chain-of-thought Wei et al.
(2023)), and (3) whether PR2L can learn entirely from stale, offline data sources. We use a Llama2-7B
Prismatic VLM for the Habitat experiments [Karamcheti et al. (2024]).

Habitat tasks. We consider the ObjectNav task suite in 3D scanned household scenes from the HM3D
dataset (Savva et al.| |2019; |Yadav et al.[2023a; Ramakrishnan et al., [2021]). These tasks involve a simulated
robot traversing a home environment to find an instance of a specified object (toilet, bed, sofa, television,
plant, or chair) in the shortest path possible. The full benchmark consists of 80 household scenes intended
to train the agent and 20 for validation. We change the observation space to consist of just RGB vision,
previous action, pose, and target object class, omitting depth images to ensure that observed performance
differences come from the quality of promptable representations vs. unpromptable ones. Like with MineDojo,
these tasks are long horizon, taking 80 steps for a privileged shortest path follower to succeed and 150+ for
humans. See Figure [3] for example observations and Appendix [C for more details.

Comparisons. To see if PR2L can leverage VLM reasoning capabilities, we train two PR2L policies, one
with and one without chain-of-thought prompting (see Section . We also train a policy on Prismatic
VLM image encoder embeddings (equivalent to Minecraft approach (a), but with Dino+SigLIP |Caron et al.
(2021); |Zhai et al.| (2023)) on a human demonstration dataset collected from the ObjectNav training scenes
collected with Habitat-Web |[Ramrakhya et al.| (2022) and used by past works on large-scale BC on pre-
trained visual representations [Ramrakhya et al. (2023)); |[Yadav et al. (2023b); Majumdar et al.| (2023). As it
previously achieved state-of-the-art performance among those works, we also compare against two policies
using VC-1 as an encoder (Majumdar et al.| |2023)), either using just its summarizing CLS token or using
a learned Transformer layer to condense its patch embeddings. We adopt the same LSTM-based recurrent
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PR2L Prompt RT-2-style Baseline Prompt Change Auxiliary Text Ablation Prompt
X Spiders in Minecraft are black. I want to fight a spider. I can attack, . . -
Combat Spider Is there a spider in this image? move, or turn. What should I do? Is there a spider in this image?
X . - I want to milk a cow. I can use my bucket Cows in Minecraft are black and white.
M Is there ¢ ¢ his 2?7 . ’ . -
ks Cow s there a cow in this image move, or turn. What should I do? Is there a cow in this image?
Shear Shee Is there a sheep in this image? I want to shear a sheep. I can use my shears, Sheep in Minecraft are usually white.
“ eep b S e move, or turn. What should I do? Is there a sheep in this image?

I want to fight a [target entity]. I can attack,

Other Combat Tasks Ts there a [target entity] in this image? move, or turn. What should T do?

Table 1: Prompts used in Minecraft for querying the VLM with PR2L, comparison (b), and the change auxiliary text ablation.
For the last column, we remove the auxiliary text for combat spider, and add it in for the other two.

architecture used by that work, but replace the image embeddings with a learned Transformer layer that
condenses our input token embeddings (from the VLM, VLM image encoder, or VC-1) into a single summary
embedding, as done with Minecraft.

Due to computational constraints, we train all policies on just under a tenth of the full dataset of 77k
trajectories/12M steps. In contrast, other works using this dataset train on the entire dataset. Nevertheless,
we evaluate on the unseen validation scenes, thereby testing how well PR2L generalizes.

4.3 Designing Task-Specific Prompts for Minecraft and Habitat

We now discuss how to design prompts for PR2L. As noted in Section these are not instructions or
task descriptions, but prompts that force the VLM to encode semantic information useful for the task in its
representation. The simplest relevant feature for our Minecraft tasks is the presence of the target entity in an
observation. Thus, we choose “Is there a [target entity] in this image?” as the base of our chosen prompt. We
also pick two alternate prompts per task that prepend different amounts of auxiliary information about the
target entity. E.g., for combat spider, one candidate is “Spiders in Minecraft are black.” To choose between
these candidates, we measure how well the VLM is able to decode a correct answer to the prompt question
of whether or not the target entity is present in the image on a small annotated dataset. Full details of this
prompt evaluation scheme for the first three Minecraft tasks are presented in Appendix [A]and Table 5] We
find that auxiliary text only helps with detecting spiders while systematically and significantly degrading
the detection of sheep and cows. Our ablations show that this detection success rate metric correlates with
performance of the RL policy. Additionally, the prompts used for comparison (b) follow the prompt structure
prescribed by [Brohan et al.| (2023a), which motivated this comparison. In these prompts, we also provide a
list of actions that the VLM can choose from to the policy. All chosen prompts are presented in Table

For Habitat, we choose the prompt “Would a [target object] be found here? Why or why not?” As opposed
to the Minecraft prompts, this does not just identify the presence of a target object in the image, but draws
on general knowledge from the VLM to determine if the observed location would contain the target object,
even if said object is not in view. The second part of the prompt then leads the VLM to provide a chain
of thought (CoT) (Wei et al.| [2023) rationale for its final answer. This CoT draws out task-relevant VLM
world knowledge by explicitly reasoning about visual semantic concepts, that are useful to learning a policy
(see Table . To investigate if PR2L enables embodied agents to benefit from these VLM common-sense
reasoning capabilities (even if they do not directly reason about actions), we train PR2L policies both with
and without the second part of the prompt.

5 Results

Minecraft results. We report the interquartile mean (IQM) and standard error number of successes over
16 seeds for all Minecraft tasks in Table [2l PR2L uniformly outperforms the non-oracle approaches of (a)
using non-promptable image embeddings, (b) directly asking the VLM for actions, (c) learning from scratch
Dreamer, and (d) using non-promptable control-specific embeddings.

PR2L outperforms (a) the VLM image encoder baseline, even though both approaches receive the same
visual features, with PR2L simply transforming those features via prompting an LLM (with no additional
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Baselines Oracles
Task PR2L (Ours) VLM Image Encoder RT-2-style Dreamer ‘ VC-1 R3M H MineCLIP VPT STEVE-1
Combat Spider 97.6 + 14.9 51.2 £9.3 715 £ 9.7 54+ 1.1 | 722 +£93 729 + 8.7 176.9 £ 19.8 137.2+ 19.2 88.8 + 14.0
Milk Cow 223.4 + 35.4 95.2 + 18.7 128.6 +£28.9 24.0 £1.2 | 96.6 + 16.3 100.0 = 14.1 || 1944 £33.3 855+ 145 752+ 15.4
Shear Sheep 37.0 + 44 23.0 +£ 3.6 26.2 £ 3.2 209 £1.2 | 26,5 +4.0 175 + 24 23.1 £ 3.7 241 4+29 18.2 + 2.5
Combat Zombie 24.6 + 1.6 14.8 £ 2.0 182 £ 2.1 1.8 +0.2 5.6 + 1.0 58+ 14 56.6 £ 8.3 31.2+ 3.2 23.6 + 3.4
Combat Enderman 52.2 + 5.6 51.9 £ 6.8 44.6 £5.8 1.6 £05 | 272 £24 33.8 £3.8 72.1+ 7.1 .4+ 13.2  59.3+ 6.7
Combat Pigman 46.4 + 3.3 36.8 £ 3.7 35.1 £ 2.5 58 £ 1.5 | 33.7+49 314 £4.2 189.0+ 7.9  169.0+ 7.8 983+ 8.4

Table 2: Performance of PR2L, baseline, and oracle approaches in Minecraft tasks. Values reported are IQM
successes and standard errors. PR2L universally outperforms all baselines. As they are trained on Minecraft-specific data, the
oracles outperform PR2L in half the comparisons (italicized).

. PR2L (Ours) - i VC-1 + CLS VC-1 4 Patch Embeds
Task (# Episodes) | v} coT  Without CoT | ¥ 1M Image Encoder |, Epochs 120 Epochs 40 Epochs 120 Epochs
Average (2000) | 41.9% 27.8% | 11.6% | 6.8% 8.9% 13.6% 15.8%
Toilet (398) 37.2% 22.9% 8.8% 2.8% 2.0% 7.0% 9.3%
Bed (433) 45.0% 28.9% 12.9% 6.7% 9.9% 14.8% 19.2%
Sofa (376) 48.1% 34.3% 11.7% 9.8% 14.4% 17.0% 19.4%
Chair (428) 51.2% 40.9% 17.5% 11.7% 15.0% 22.4% 23.8%
Television (281) 26.7% 10.3% 5.0% 2.8% 3.2% 4.6% 4.6%
Plant (84) 23.8% 8.3% 9.1% 1.2% 1.2% 9.5% 9.5%

Table 3: Performance of PR2L and baselines on Habitat ObjectNav tasks. Following prior works, values reported
are average success rates in unseen validation scenes. PR2L (with or without CoT) does better than all other approaches.
PR2L with CoT does the best, universally achieving more than double the performance of all non-PR2L approaches and 14.7%
higher average performance than PR2L without CoT. Note that PR2L and image encoder policies were trained for 40 epochs,
but VC-1 policies’ performance saturated at 120, so we report their performance at both times.

information from the environment), thus supporting that prompting does shape representations in a beneficial
way for learning control tasks. We provide an analysis of why PR2L states are better than (b) RT-2-style
ones in Appendix[H.I, We observe that PR2L embeddings are bimodally distributed, with transitions leading
to high reward clustered at one mode. This structure likely enables more efficient learning, thereby showing
how control tasks can benefit from extracting prior knowledge encoded in VLMs by prompting them with task
context, even when the VLM does not know how to act. For (c) the model-based comparisons, we find
that Dreamer is not as conducive at learning our Minecraft tasks. We hypothesize this is because our tasks are
comparatively shorter than the ones considered by Hafner et al. (2023)), so learning a model is less beneficial
(while PR2L provides immediately-useful representations). Additionally, we note that all our approaches
involve interacting with partially-observable, non-stationary entities, which the Dreamer model may have a
hard time learning. See Appendix for further discussion. Finally, (e) the oracles outperform PR2L in
combat enderman/pigman, all but STEVE-1 do better in combat spider/zombie, and none do better in shear
sheep/milk cow. We hypothesize this is because endermen and pigmen are Minecraft-specific entities, giving
rise to comparatively poor representations in the VLM (which is trained exclusively on natural images). In
contrast, Minecraft zombies/spiders are heavily stylized, but still somewhat resemble other depictions of such
creatures, while Minecraft cows and sheep are the closest to their naturalistic counterparts, making PR2L
more effective. Even though our VLM is not trained on Minecraft data, its representations yield better
policies in half the oracle comparisons.

We provide ablations in Table [§] and Appendix [Fl We find that (1) PR2L performs worse when it is un-
prompted or does not decode text, (2) our prompt evaluation scheme successfully identified cases where
auxiliary text improves/degrades performance, and (3) a policy with oracle entity detection does worse than
PR2L, suggesting our prompt is not just eliciting that feature from the VLM.

Habitat results. Following prior works, we report success rates on the ObjectNav validation episodes in
Table [3] PR2L with CoT outperforms all other policies on all tasks, including an almost 4x performance
increase over the VLM image encoder baselines — again, suggesting that using promptable representations for
control improves over the base purely-visual embeddings. While PR2L without CoT still does better than all
baselines, we find CoT prompting improves policy performance (by 1.5x, from 27.8% success rate to 41.9%),
likely because it provides the policy with useful generalizable features: e.g., even if the agent comes across
an unfamiliar room while searching for a toilet, it still knows to look elsewhere if the VLM reasons that, due
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Target Example VLM Responses to "Would a [target] be found here? Why or why not?"

"No, a toilet is not found in this room as it is a bedroom. |Toilets are typically found in bathrooms .
Toilet  The image shows a large bed with a wooden headboard, nightstands, and lamps ."

"Yes, a toilet would be found in this room because it is a bathroom.
The presence of a toilet in the image is expected, as bathrooms are designed to accommodate toilets for personal hygiene ."

"

"No, a bed would not be found in this room because it is a dining room.
Bed The presence of a dining table and chairs suggests that this room is designed for eating meals and socializing, rather than sleeping "

"Yes, a bed would be found here because the room is described as a bedroom.
It has a bed ., a television, a lamp, and a dresser , all of which are common furnishings in a bedroom ."

"No, a sofa is not found here because it is a kitchen area with 'appliances and cabinets .
Sofa Sofas are typically found in living rooms or other common areas ."

" Yes, there is a black leather sofa in the living room. It has a red pillow on it. It is a large sectional couch ."

Table 4: Example VLM responses to the Habitat prompt for various images. Beyond just detecting the target, prompting
the VLM for CoT elicits relevant common sense, which it semantically relates to other useful visual features. By using the
underlying VLM embeddings as a state representation, the policy thus integrates the VLM’s knowledge and reasoning into its
decision-making.

to the presence of a bed, the room is likely a bedroom (which is unlikely to contain toilets). Thus, even if
the VLM cannot reason about actions, our results indicate that PR2L provides a promising way of using its
ability to reason about image semantics and common sense for control. See Table [4| for CoT examples.

While we do not beat VC-1’s reported SOTA BC performance (60.3% success rate when VC-1 is frozen
Majumdar et al.| (2023))), we note that said performance is achieved with (1) over ten times more training
data and gradient steps and (2) image augmentations to prevent overfitting. Our VC-1 policies were trained
on the same amount of data as our PR2L agent and for 1-3x as many gradient steps, but perform far worse,
suggesting that PR2L is significantly more sample- and compute-efficient than VC-1 policies. Additionally,
PR2L does not use any explicit countermeasures to overfitting, yet still generalizes well to unseen ObjectNav
scenes (aided by the VLM’s representations of reasoning).

Finally, we analyze policies trained with offline RL in a simplified Habitat setting in Appendices[D] [H] where
we find that VLM representations align well with the returns of an optimal policy.

6 Conclusion

We propose Promptable Representations for Reinforcement Learning, a method for extracting semantic
features from images by prompting VLMs with task context to leverage their extensive general-purpose
prior knowledge. We demonstrate PR2L in Minecraft and Habitat, domains that benefit from interpreting
observations in terms of semantic concepts that can be related to task context. This framework for using
VLMs for control opens new directions. For example, other types of foundation models pre-trained with
more sophisticated methods could also be used for PR2L: e.g., ones trained on physical interactions might
yield features which encode physics or action knowledge, rather than just common-sense visual semantics.
Developing and using such models with PR2L offers an exciting way to transfer diverse prior knowledge to
a broad range of control applications.

A limitation of PR2L is that prompts are currently hand-crafted based on the user’s conception of useful
task features. While coming up with good prompts for our tasks was not hard, the process of evaluating
and improving them could be automated, which we leave to future works. We also find that the quality
of representations largely depends on the VLM — e.g., InstructBLIP could not reason well about Habitat
scenes, but the more recent Prismatic VLMs are more capable in that regard, enabling our CoT experiments.
Thus, as VLM capabilities are expected to increase, we expect the quality of their representations to also
improve. Lastly, the size and speed of VLMs can limit their applicability. Our policies typically achieve 3-5
Hz inference speeds, comparable to those of robot policies built on large models [Brohan et al.| (2023bza));
O.M.T. et al. (2023)). Likewise, our VLM sizes are comparable to models used for policies in prior works
(Brohan et al., [2023a; |Szot et al., 2024]). While their inference speeds may hinder online policy learning, we
find that offline approaches (which can parallelize training and data generation) we used for Habitat help
remedy this.
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