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Fig. 1: Code-writing large language models (LLMs) present opportunities for non-experts to teach robots new tasks with language — enabled by fast adaptation via in-context
learning (left). In this work, we fine-tune the underlying LLMs to further accelerate fast adaptation and improve their teachability (right). Results with human-robot
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) show that our framework (middle*) can identify top performing users (purple), and leverage

their interactions (only 14% of task coverage) to drive LLM performance improvements for all users (blue) — measured in terms teaching success rates on unseen tasks,
responsiveness to user feedback, and number of user corrections. Experiments show that these improvements generalize to new robot embodiments and APIs.

*visualizations from real data: before and after circles are centered on mean good rating rates (i.e., responsiveness to feedback metric, described in Sec. I1I-C) vs task success rates over all users.

Abstract—Large language models (LLMs) have been shown to
exhibit a wide range of capabilities, such as writing robot code from
language commands - enabling non-experts to direct robot behaviors,
modify them based on feedback, or compose them to perform new
tasks. However, these capabilities (driven by in-context learning) are
limited to short-term interactions, where users’ feedback remains
relevant for only as long as it fits within the context size of the LLM,
and can be forgotten over longer interactions. In this work, we
investigate fine-tuning the robot code-writing LLMs, to remember
their in-context interactions and improve their feachability i.e., how
efficiently they adapt to human inputs (measured by average number
of corrections before the user considers the task successful). Our key
observation is that when human-robot interactions are formulated
as a partially observable Markov decision process (in which human
language inputs are observations, and robot code outputs are actions),
then training an LLM to complete previous interactions can be viewed
as training a transition dynamics model — that can be combined with
classic robotics techniques such as model predictive control (MPC) to
discover shorter paths to success. This gives rise to Language Model
Predictive Control (LMPC), a framework that fine-tunes PalLM 2
to improve its teachability on 78 tasks across 5 robot embodiments
— improving non-expert teaching success rates of unseen tasks by
26.9% while reducing the average number of human corrections
from 2.4 to 1.9. Experiments show that LMPC also produces strong
meta-learners, improving the success rate of in-context learning new
tasks on unseen robot embodiments and APIs by 31.5%. See videos,
code, and demos at: https://robot-teaching.github.io/.

I. INTRODUCTION

Natural language provides a rich and accessible interface for
teaching robots — with the potential to enable anyone with minimal
training to direct behaviors, express preferences, and provide
feedback. Recent works show that large language models (LLMs),
pretrained on Internet-scale data, exhibit out-of-the-box capabilities
that can be applied to robotics — from planning a sequence of
steps given language commands [1, 30], to writing robot code
[41, 59, 71, 45]. Language inputs can also be sequenced in a
multi-turn setting for example, to generate and modify reward
function code from human feedback to compose new quadruped
behaviors via real-time motion control [71] (example in Fig. 1).

LLM-based robot teaching (as shown in Fig. 1) can be driven by
in-context learning [9] (e.g., on code and dialogue data), where pre-
vious interactions are kept as input context for subsequent ones. In-
context learning occurs during inference without gradient updates to
model weights, enabling fast adaptation to language instructions (via
exemplar-based compositional generalization [11, 32]). However,
this adaptation is limited to short-term reactive interactions where the
users’ feedback remains relevant for only as long as it fits within the
context size of the LLM. As a result, if human instructions accumu-
late over longer multi-step interactions that fall outside the receding
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context horizon, previous instructions can simply be forgotten.

We are interested in improving LLMs’ teachability for robot tasks,
i.e., how efficiently they adapt to human feedback, by enabling
LLMs to remember their in-context interactions. Teachability
in multi-turn language-based human-robot interaction (HRI)
can be measured as the average number of human inputs (e.g.,
corrections) N before the robot succeeds at the task. For instance,
n =1 refers to the standard zero-shot instruction following setting
[33, 44]. Prior works propose to improve teachability by generating
linguistic summaries of human feedback [75] or preferences [68]
that can be indexed into memory and later retrieved in-context
to guide future interactions. However, such methods are often
constrained by in-context learning generalization (observed to be
more “exemplar-based” i.e., on the basis of similarity to in-context
examples [11, 57]), as opposed to generalization from in-weights
learning via fine-tuning (which tends to be more “rule-based” i.e.,
on the basis of minimal features that support category boundaries
in the training data [11, 6]). Subsequently, prior methods excel at
overfitting to training tasks, but offer limited generalization (e.g.,
domain-level adaptation) to unseen tasks. Is it possible to leverage
both forms of learning to address these shortcomings?

In this work, we investigate improving the teachability of robot
code-writing LLMs via in-context learning (fast adaptation) by day,
and model fine-tuning (slow adaptation) by night, to accelerate
fast adaptation the next day.! Given a setting where non-experts
teach robots new tasks with language, our goal is to study which
methods of improvement (e.g., via fine-tuning) can best leverage
data collected from in-context learning to improve future teachability
(as measured on unseen tasks). Our key observation is that when
human-robot interactions are formulated as a partially observable
Markov decision process (POMDP — in which human language
inputs are observations, and robot code outputs are actions), then
training an LLM to autoregressively complete previous interactions
can be viewed as training a transition dynamics model — that can be
combined with classic robotics techniques such as model predictive
control (MPC) to discover shorter paths to success. This gives
rise to Language Model Predictive Control (LMPC), where we
train the LLM to predict imagined future rollouts of human-robot
interactions — and at inference time, sample multiple futures (with
non-zero decoding temperature) to search for the best one and take
the next action (i.e., receding horizon control as a decoding strategy).
Classically challenging HRI problems (such as modeling individual
user preferences) become more straightforward e.g., by simply con-
ditioning LMPC rollouts on usernames (“‘user __ might say...”), with
the intuition that different users cover different areas of the POMDP.

Extensive experiments (via blind A/B evaluations) show that fine-
tuning with LMPC improves the teachability of PalLM 2 [3] on 78
tasks across 5 robot embodiments (on simulated and real platforms)
— enabling non-experts to teach robots to achieve higher success rates
on unseen tasks by 26:9%, and reduces average number of human
corrections from 2:4 to 1:9. In particular, LMPC produces strong
meta-learners — teachability improvements generalize to unseen
embodiments, improving the success rate of in-context learning new

!In-context learning by day & fine-tuning by night analogy is loosely inspired
by the role of circadian rhythms in the learning and memory of biological systems.

tasks with new robot APIs by 31:5%. Interestingly, we observe
substantial gains from top-user conditioned LMPC, which (i)
autonomously identifies top users (by performance on training tasks),
(ii) groups their data together with a special username “top-user,’
then (iii) conditions inference-time LMPC rollouts on this special
username (i.e., assume everyone is a top-user). Despite top users
having seen only 14% of tasks, experiments show this conditioning
mechanism drives performance improvements for all users on all
tasks, including unseen ones by 10:5%. LMPC also outperforms
retrieval baselines [75], and user studies affirm that performance
improvements are likely the result of changes in model capability,
rather than user teaching proficiency. Our approach is not without
limitations — we discuss these and areas for future work in ??.

II. LANGUAGE MODEL PREDICTIVE CONTROL

We investigate teachability in the context of language-based
human-robot interactions, where users communicate with robots via
text messages through a chat-like interface next to a simulated visu-
alization of the robot and its surroundings using the MuJoCo simu-
lation engine [65] (see Fig. 3, more details in Appendix V-Q). User
messages are free-form and up to users’ discretion; they may include
instructions, preferences, feedback, etc. In response to each message,
the system outputs robot code, which is directly sent to a real-time
motion controller on a simulated or real robot (??). Users then
provide subsequent feedback based on the observed robot behavior.

Each human-robot conversation (i.e., chat session) is goal-driven:
users are asked to teach one task per session and at the end of each
session label “success” or “failure” conditioned on whether they
believe the robot to have completed the task. Chat sessions can
consist of multiple chat turns (i.e., human-robot input-output pairs)
before success. On average, successful sessions run for 2-3 chat
turns, while failure sessions run for 5-6 chat turns (see Fig. 3; bar
plot shown in bottom left). User messages can be corrections or
broken-up step-by-step sub-tasks to piece together more complex
ones, and they are usually multi-round contextual. During data
collection, users rate individual robot responses as ‘good’ or ‘bad’
— good if the robot responded correctly to the most recent human
feedback (although it may not be successful at completing the entire
task yet), and bad otherwise. We find that the ratio of good chat
turn ratings correlates with task success (Fig. 3, bottom right).

A. Problem Statement

Our goal is to improve the teachability of LLMs that follow
human instructions and feedback to write robot code. Teachability is
defined as the average number of human inputs (chat turns) n before
the robot succeeds at the task. This metric measures how efficiently
the robot adapts to human inputs, and N = 1 is equivalent to a
standard zero-shot instruction following setting [33, 44]. To improve
teachability is to reduce the number of chat turns n before a desired
success rate, and can be viewed as a meta-learning objective —i.e.,
learning to learn faster from human feedback [26]. Intuitively, im-
proving teachability of a model should encourage its responsiveness
to feedback, as a means to maximize the likelihood of generating the
correct behavior (according to the user). Teachability can also reflect
how well a model adapts to preferences. For instance, user input
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Fig. 3: Our chat interface (top left) allows non-experts to use language to teach
robots new behaviors (visualized in simulation, top right). Our LLM responds with
reward code, to drive real-time motion control of a simulated or real robot. Statistics
show that base model data meets expectations: successful teaching sessions take
fewer chat turns than failures (bottom left), and task success rates correlate with
fewer chat turns (r = 0:85, bottom middle) and higher good rating rates (i.e.,
responsiveness to feedback, r =0:92, bottom right).

“move a bit to the left” might yield different robot behavior modifi-
cations depending on the user — a strong meta-learner (with respect
to teachability) is one that can learn this difference to minimize the
number of interactions N, conditioned on with whom it interacts.
We formulate language-based human-robot interaction as a
partially observable Markov decision process, in which the policy
interacts with the human teacher (part of the environment) through
code that is executed via motion control on the robot (the action),
and the human gives natural language feedback (the observation)
and indicates the success of the teaching session (the reward). The
policy’s goal is to produce code that leads the robot to behave as in-
tended by the human, however, this target behavior has to be inferred
from the human feedback. Mathematically, S¢ 2 S is the unobserved
human (user) state at time t, human text inputs are observations
0¢ 2O of the state, and the agent (LLM) generates code as actions

on the robot. P (0¢+1;1tj0 ;@ t;F<t) is the transition probability of
human interactions, and if at any time the user determines the task
is a “success”, the episode terminates with a sparse reward r =1,
and the chat session terminates. If the robot struggles to improve
for more than 7 timesteps (chat turns, or (O¢;a¢) tuples), then the
episode terminates as a “failure” (r = 0). Improving teachability
here can be defined as improving the ability of to infer the target
behavior intended by the human, i.e. to discover shorter paths in the
POMDP to task success (i.e., human-labeled success r=1).

B. Fast Adaptation with In-Context Learning

Fast adaptation involves users providing multi-turn language
inputs to guide LLM outputs towards generating reward code to
elicit desired robot behavior(s). This is an interactive process — users
provide feedback based on observing robot behaviors online, rather
than labeling offline LLM data. In this work, fast adaptation is driven
by in-context learning, where the language model is conditioned
on a prompt that provides the initial tokens in the sequence
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Fig. 4: Given a dataset of users teaching robots new tasks with language (represented
as text inputs and code outputs from online in-context learning — left), LMPC-
Rollouts is trained to predict subsequent inputs and outputs conditioned on the current
chat history (middle), and uses MPC (receding horizon control) for inference-time
search to return the next best action (with fewest expected corrections before success).
LMPC-Skip is an alternate variant that is trained to directly predict the last action
(right). Both LMPC variants accelerate fast robot adaptation via in-context learning.
X1:k = (X1;:::;Xk) and uses the model to complete Xy41:n. Our
in-context prompt uses PromptBook formatting [4], which contains
a description of the embodiment, the available robot APIs, as well
as 1-2 example episodes (chat sessions) between the user and LLM,
followed by the current chat session (full prompts in Appendix V-S).

We use an existing pre-trained LLM PalLM 2 [3], with which
using the above prompts yields non-zero initial task success rates
given feedback from the user. The code generated within each turn
can either be a single reward function, or a sequence of multiple
reward functions. See Section V-D for more details on how we
execute the generated code on both simulated and real-world robots.
Upon terminating a chat session, the interaction data is saved into
a cached dataset to be used for slow adaptation. Note that even with
human inputs, the model may struggle to perform certain tasks —
experiments in Section III-C show that slow adaptation is needed
to unlock fast adaptation on these tasks.

C. Slow Adaptation with Model Fine-Tuning

Gathering interaction data from in-context learning (fast adap-
tation) allows us to fine-tune the underlying LLM (slow adaptation)
to improve its ability to both write useful robot reward code and
respond to human feedback, and subsequently improve teachability.
In this work, we apply supervised fine-tuning (SFT) on our LLM,
using Language Model Predictive Control (LMPC). LMPC formu-
lates the human-robot exchange as a POMDP (see Section 1I-A),
with human text inputs as observations 0, and robot code outputs
as actions a¢. Each chat session terminates with a success or failure
reward r. We implement two variants of LMPC (depicted in Fig. 4):
(i) LMPC-Rollouts. Given the current chat session (system prompt
and current chat history), the LLM is trained to autoregressively
predict the rest of the chat session (sequence of 0; and at’s, until
receiving a reward r at the end of the episode). For training,
the input to the LLM is the system prompt with the initial user
instruction; both are included because different robot embodiments
have different system prompts (robot APIs), and this allows the
LLM generation to support different robot APIs at inference time.
The target is for the LLM to predict any remaining portions of a chat
session, conditioned on the current portion. For inference, we sample
multiple trajectories from the finetuned model, select the trajectory
with the fewest chat turns to success, and return the first code in that
chat session. This is similar to Model Predictive Control, using the
finetuned LLM as a model of robot code and human feedback.
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