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Abstract

We introduce Language Feedback Models (LFMs) that identify desirable behaviour
— actions that help achieve tasks specified in the instruction — for imitation
learning in instruction following. To train LFMs, we obtain feedback from Large
Language Models (LLMs) on visual trajectories verbalized to language descriptions.
First, by using LFMs to identify desirable behaviour to imitate, we improve in
task-completion rate over strong behavioural cloning baselines on three distinct
language grounding environments (Touchdown, ScienceWorld, and ALFWorld).
Second, imitation learning using LFMs outperform using LLMs as experts to
directly predict actions, when controlling for the number of LLLM output tokens.
Third, LFMs generalize to unseen environments, improving task-completion rate
by 3.5-12.0% through one round of adaptation. Finally, we modify LFMs to
provide human-interpretable feedback without performance loss, allowing human
verification of desirable behaviour for imitation learning.

1 Introduction

Sample-efficiency and generalizability are two primary challenges in learning instruction following
agents in grounded environments [26} 23| 2]]. First, we want an agent that is sample-efficient: it learns
from few demonstrations of how to act according to instructions. Second, we want an agent that is
generalizable: it should act successfully in novel environments according to new instructions after
training. Reinforcement learning (RL; Sutton and Barto [40]]) and imitation learning (IL; Schaal
[32], Abbeel and Ng [1]]) are two techniques for learning agents for instruction following in grounded
environments. These techniques often require large numbers of trials and errors or expensive-to-obtain
expert demonstrations. Recent work show that pretrained large language models (LLMs) exhibit
sample-efficient learning through prompting and in-context learning for textual [10] and grounded
problems such as robotic control [2]. However, for instruction following in grounded problems,
current methods rely on LLMs on-line during inference, which is impractical and expensive.

We develop a sample-efficient and cost-effective technique that uses LLMs to train Language
Feedback Models (LFMs) for policy improvement in instruction following. Figure [T]illustrates
policy improvement using LFMs. Consider the task of interacting with objects in a kitchen to
follow instructions shown in Figure First, in Figure [I(a)] given a grounded environment and
a base policy (i.e. a behaviour cloned policy), we roll out the base policy to collect a small set of
trajectories for different instructions. Next, we verbalize observations in the trajectory by describing
scenes in language. For each instruction and verbalized trajectory pair, we query an LLM to provide
feedback identifying which behaviour in the trajectory is productive to solving the task identified
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(a) Learning a small and cost-effective Language Feedback Model from LLM feedback. We roll out an initial
policy, then prompt an LLM to provide feedback on what actions the policy took during the rollout were productive
in achieving the task outlined in the instruction. We then use this data to train a feedback model that predicts
whether an action is productive given the instruction.

(b) Policy improvement by imitating desirable behaviour identi ed by a learned feedback model. Given the
instruction, we roll out a base policy, then identify productive actions that help achieve tasks speci ed in the
instruction using the trained feedback model. Finally, we update the base policy by imitating productive actions.

(c) Example of desirable behaviour identi ed in ALFWorld, a kitchen instruction following benchmark.

Figure 1: Given an environment and instructions to follow, we assume a verbalization procedure
that converts observations to language descriptions. Policy improvement using Language Feedback
Model involves (a) training a feedback model, then (b) using it to identify desirable behaviour for
policy improvement via imitation learning. The feedback model is , other models purple, and
generated intermediate data green. An example of LFM-identi ed behaviour is shown in (c).

in the instruction (i.e. answer yes or no). For instance, given an instruction “put a clean slice of
lettuce in the refridgerator”, GPT-29] is able to deduce that key milestones are 1) nd the lettuce,

2) slice it 3) wash it in the sink, and 4) put it in the fridge. Consequently, such an LLM is able to
identify when an agent is exhibitimdgsirable behaviourconducive to solving tasks outlined in the
instruction, for instance by taking the lettuce to the sink, versus undesirable behaviour, for instance
by cooking the lettuce. We de ne desirable behaviour as productive actions that are constructive,
task-bene cial, and effective in following the instruction. In other words, taking the action brings
the agent closer (in terms of trajectory length) to accomplishing the task speci ed in the instruction.
After collecting LLM feedback, we distill this world knowledge into a small and cost-effective LFM.
Finally, in Figure 1(b), given a policy to improve on potentially new environments and instructions,
we use the learned LFM to identify desirable actions on-line, then update the policy to imitate these
actions. Crucially, this technique is sample-ef cient in that it improves policy with no additional
human-labeled demonstrations. Furthermore, this technique is cost-effective in that it requires few
LLM interactions to collect an off-line dataset during LFM training (i.e. before deployment), as
opposed to many LLM interactions on-line during policy improvement (i.e. after deployment).

Our ndings are as follows: rst, LFM policy improvement achieves consistent gains over strong be-
haviour cloned base policies on three grounded instruction following benchmarks in Touctdfwn [
ScienceWorld42], and ALFWorld [38]. Second, we compare LFMs against prompting LLMs to
directly predict what actions to take, then imitating this LLM-predicted behaviour. On all bench-
marks, using LFM feedback outperforms using LLMs as experts for imitation learning, given a xed
allocation of LLM output tokens. This gain is especially pronounced in environments with larger
action spaces, such as ScienceWorld, where it is much easier to critique than to generate the correct
action. Third, we show that learned feedback models generalize to unseen environments with new
tasks and new transition functions. After training LFMs on training environments, we use them to
identify desirable behaviour on test environments, which we then imitate to adapt the policy. A single
round of adaptation achieves signi cant gains (3.5-12.0% task-completion) across all environments.

In addition to policy improvement, using LFM feedback offers two advantages over existing tech-
nigues such as using LLMs as expert policies for imitation learning. First, LFM improves policies
on-line without additional expensive calls to LLMs. Second, LFM can offer human-interpretable
feedback when identifying desirable behaviour to imitate. We show in Section 5.4 that LFMs can
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