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say("The Rubik's cube is under the blue cup. I shall put away
 the blue cup first.")
put_first_on_second("blue cup", "empty space")
update_wm("Put the blue cup on the empty space.")
say("Now I can put the toy wheel on the Rubik's cube.")
put_first_on_second("toy wheel", "rubiks cube")
update_wm("Put the toy wheel on the Rubik's cube.")

Put the toy wheel on
 the Rubik’s cube.

# state = {
# "objects": ("rubiks cube", "toy duckie", "toy wheel", "yellow block"),
# "covers": ("red cup", "green cup", "blue cup", "black cup"),
# "rubiks cube": {"under": "blue cup"},
# "toy wheel": {"on": "yellow block"},
# "yellow block": {"under": "toy wheel"},
# "blue cup": {"on": "rubiks cube"},}

World State Writer

World State Reader

State

Code
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Fig. 1: Our Statler framework enables robots to carry out complex tasks specified in natural language that require reasoning
over long time horizons. Integral to our model are its world-state writer and world-state reader, two instances of general
LLMs responsible for maintaining the explicit world state and generating code that enables the robot to carry out the task.

Abstract— There has been a significant research interest in
employing large language models to empower intelligent robots
with complex reasoning. Existing work focuses on harnessing
their abilities to reason about the histories of their actions and
observations. In this paper, we explore a new dimension in
which large language models may benefit robotics planning.
In particular, we propose Statler, a framework in which large
language models are prompted to maintain an estimate of
the world state, which are often unobservable, and track its
transition as new actions are taken. Our framework then
conditions each action on the estimate of the current world
state. Despite being conceptually simple, our Statler framework
significantly outperforms strong competing methods (e.g., Code-
as-Policies) on several robot planning tasks. Additionally, it
has the potential advantage of scaling up to more challenging
long-horizon planning tasks. We release our code here.

I. INTRODUCTION

Large language models (LLMs) exhibit strong reasoning
capabilities that are harnessed to perform a wide range of
downstream tasks such as dialogue and code generation [1–
3]. The robotics community has recently seen a significant
interest in empowering robots with LLMs, enabling them to

*Denotes equal contribution; Contribution by each author can be found in
the appendix.

understand natural language commands and perform tasks
that require sophisticated reasoning [4–7]. However, existing
methods are model-free: they use LLMs as policy functions
that generate future actions only conditioned on previous
actions and observations.

In this paper, we propose a simple yet effective model-
based approach. Our framework—named Statler—maintains
a running estimate of the world state by prompting large
language models and performs multistep embodied reasoning
conditioned on the estimated state. Figure 1 illustrates this
framework. In particular, Statler utilizes a pair of prompted
LLMs: instructed by a few demonstrations, the world-state
reader takes as input the user query, reads the estimated world
state, and generates an executable action (e.g, a code snippet);
instructed by another set of demonstrations, the world-state
writer updates the world state estimate based on the action.
This mechanism resembles how a domain-specific formal
language tracks a symbolic world state [8], but enjoys greater
flexibility since pretrained large language models are known
to be domain-agnostic. As we will see soon in Section IV,
the prompts in our experiments are generic and users of our
framework will have minimal design workload.

Our Statler framework is primarily inspired by classical
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1 # Initial state
2 cups = [False, True, False]
3 Swapping cup 1 with cup 2
4 Swapping cup 0 with cup 2
5 Swapping cup 1 with cup 2
6 cups = [True, False, False]
7

8

Prompt 1: The prompt and desired output
of a vanilla LLM.

1 # Initial state
2 cups = [False, True, False]
3 Swapping cup 1 with cup 2
4 Swapping cup 0 with cup 2
5 Swapping cup 1 with cup 2
6 cups = [False, False, True]
7 cups = [True, False, False]
8 cups = [True, False, False]

Prompt 2: The prompt and desired output
of LLM+CoT.

1 # Initial state
2 cups = [False, True, False]
3 Swapping cup 1 with cup 2
4 cups = [False, False, True]
5 Swapping cup 0 with cup 2
6 cups = [True, False, False]
7 Swapping cup 1 with cup 2
8 cups = [True, False, False]

Prompt 3: The prompt and desired output
of LLM+State.

model-based reinforcement learning. In a model-based ap-
proach, an environment (or world) model learns to capture
the dynamics of the environment (e.g., possible outcomes
of an action) so that the policy conditioned on the model
state will take more informed actions [9]. In our framework,
the LLMs have acquired massive amounts of commonsense
knowledge from pretraining, and they are elicited—by a
few demonstrations—to behave as an environment model,
estimating the world state and facilitating decision making.

Another motivation of our design is to handle missing data.
In robotics tasks, we often have to cope with latent world
dynamics that are not directly observable. In such scenarios,
explicitly maintaining an estimated world state improves
decision making, although the estimates might be imperfect.
This is analogous to graphical models with latent variables:
spelling out latent variables and imputing their values is often
helpful for reasoning about the target variables, although the
imputation may not be perfect [10].

The final motivation of our state-maintaining design is
its potential to scale up to long-horizon planning tasks. In
multistep reasoning and planning, an LLM has to implicitly
maintain the world state in its internal representation, which
has been demonstrated to be difficult in previous work [11–
17]. By explicitly maintaining an estimated world state, our
framework makes it easier to track and consult the world
state at any step of reasoning and planning, thus carrying a
higher chance of success in long-horizon tasks.

In the following sections, we will show that our framework
performs as expected: in Section II, we demonstrate the
concept with a pedagogical example; in Section III, we
introduce the Statler framework; in Section IV, we present
the experiments, in which our framework significantly outper-
forms strong competing methods such as Code-as-Policies [5].

II. MOTIVATING EXAMPLE

We use three-cups-and-a-ball, a simple shell game, to
demonstrate the effectiveness of our state-maintaining idea.
In this game, a ball is covered under one of three identical
cups and the initial position of the ball is known to the player.
In each of K rounds, we randomly swap two cups’ positions.
Finally, we ask the player to guess the position of the ball.

We present three separate cases of using LLMs to play this
game using GPT-3 (precisely, text-davinci-003). Prompt 1
demonstrates the simplest case: We represent the state with
Boolean variables with True indicating “ball is here”. We
feed the initial state and the K rounds of swaps into GPT-
3, instructing it to complete the final state. Prompt 2 is an
improved way: after reading K rounds of swaps, GPT-3
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Fig. 2: Model accuracies on the three-cups-and-a-ball shell
game. LLM+State is a simplified version of our proposed
Statler framework. For each method, the solid line shows
how its accuracy a(n) changes with the number of swaps n.
The dashed line is the relative accuracy: r(n) = a(n)/a(1).
Intuitively, it measures how fast the performance decreases
from a hypothetically perfect one-swap performance. Note
that LLM+State indeed achieves a(1) = 100%

is asked to give all the intermediate states over the game.
This version is inspired by Chain-of-Thought prompting [18],
which improves the performance of an LLM by requesting it
to spell out its intermediate reasoning steps. Finally, Prompt 3
is a simple instantiation of our state-maintaining idea: we ask
GPT-3 to return the current state immediately after reading
each round of swaps, stimulating the model to track and
update the state as the game progresses.

We evaluate these methods with a range of K; for each K
and each method, we feed 30 demonstrations with various
numbers of swaps to the model, and repeat the experiment
100 times. Figure 2 visualizes the average accuracies. The
state-maintaining method significantly outperforms the other
methods, with the performance gap increasing with K.

III. METHOD

As exemplified in Section II, the key to our approach is to
allow the LLM to describe the next state while responding
to each user query. The motivating example is simple in that
the next state is the response. Instead, we now consider more
general scenarios where there is a significant burden on the
LLM to track the state updates as well as generate responses.
(Fig. 3). For the general cases, we propose to split the
burden across multiple different prompted LLMs. Precisely,
we maintain a separate prompt that includes instructions and
demonstrations for each subtask (i.e., state-tracking or query-
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Initial State Code-as-Policies Statler (ours)

put a block in the blue bowl so that the total weight of
blocks in the blue bowl is less than what is in the gray bowl

Initial State Code-as-Policies Statler (ours)

put blocks in the purple bowl so that their total weight
becomes identical to what is in the gray bowl

Initial State Code-as-Policies Statler (ours)

put all the dirty blocks on the table

Fig. 3: Examples of simulations that show the result of
executing different natural language instructions using Code-
as-Policies and our state-maintaining Statler algorithm.

responding) and then use the prompt to elicit an LLM to
perform the particular subtask. As we discuss shortly, our
framework includes a world-state reader that responds to
the user query and a world-state writer that is responsible
for updating the state representation. Our framework (Fig. 1)
does not pose any fundamental limitation on which domain it
can be applied to. Our approach can be regarded as a model-
based extension of Code-as-Policies (CaP) in the sense that
it keeps the core capabilities of CaP (e.g., hierarchical code
generation) and incorporates a means to explicitly maintain
an estimated world state.

It is useful to consider example prompts to understand
the operation of the reader and writer models. Prompt 4
is an example of the input passed to the world-state reader.
Initially, we initialize a JSON-formatted state with a reference
to object-oriented principles. Given a user query “Put the
cyan block on the yellow block” (Line 13) and the current
state representation (Lines 1–12), the world-state reader
should generate the code that responds to the query, taking
into account the current state. The expected code to be
generated is highlighted in green. After generating the code,
our model executes it to complete the query. When the state
needs to be updated, the generated code will contain an
update_wm function that triggers the world-state writer with

1 # state = {
2 # "objects": ["cyan block", "yellow block", "brown block",

"purple block", "blue block", "green bowl", "red bowl", "
disinfector"],

3 # "relations": [],
4 # "disinfector": {"contains": []},
5 # "cyan block": {"is": ["dirty"]},
6 # "yellow block": {"is": ["clean"]},
7 # "brown block": {"is": ["clean"]},
8 # "purple block": {"is": ["dirty"]},
9 # "blue block": {"is": ["clean"]},

10 # "green bowl": {},
11 # "red bowl": {}
12 # }
13 # query: Put the cyan block on the yellow block
14 put_first_on_second("cyan block", "yellow block")
15 update_wm("Put the cyan block on the yellow block")

Prompt 4: World-state reader. The text highlighted in green
represents the part that the model is expected to generate.

1 # state = {
2 # "objects": ["cyan block", "yellow block", "brown block",

"purple block", "blue block", "green bowl", "red bowl", "
disinfector"],

3 # "relations": [],
4 # "disinfector": {"contains": []},
5 # "cyan block": {"is": ["dirty"]},
6 # "yellow block": {"is": ["clean"]},
7 # "brown block": {"is": ["clean"]},
8 # "purple block": {"is": ["dirty"]},
9 # "blue block": {"is": ["clean"]},

10 # "green bowl": {},
11 # "red bowl": {}
12 # }
13 # query: Put the cyan block on the yellow block.
14 # state = {
15 # "objects": ["cyan block", "yellow block", "brown block",

"purple block", "blue block", "green bowl", "red bowl",
"disinfector"],

16 # "relations": [["cyan block is on yellow block"]],
17 # "disinfector": {"contains": []},
18 # "cyan block": {"is": ["dirty"]},
19 # "yellow block": {"is": ["dirty"]},
20 # "brown block": {"is": ["clean"]},
21 # "purple block": {"is": ["dirty"]},
22 # "blue block": {"is": ["clean"]},
23 # "green bowl": {},
24 # "red bowl": {},
25 # }

Prompt 5: World-state writer. The text rendered in blue
highlights the updated part of the state.

the query specified in its argument. In Prompt 5, we show
the corresponding example for the world-state writer. Similar
to the reader, we prepend the current state representation
before the user query and the model generates the updated
state representation (highlighted in green). Whenever the
writer updates the state representation, we store it in external
memory and refer to it as the current state.

IV. EXPERIMENTS

We evaluate the capabilities of Statler alongside state-of-
the-art LLM models on three tabletop manipulation domains
(Fig. 4): pick-and-place, block disinfection, and relative
weight reasoning. For each domain, we design in-context
examples and consider 20 evaluation episodes each of which
consists of 5–16 consecutive steps of user queries. Every
episode contains at least one query that requires reasoning
over the interaction history (i.e., requires “memory” across
steps), which makes the task significantly challenging.
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(a) Pick-and-place (b) Disinfection (c) Weight reasoning

Fig. 4: The simulated domains we consider include (a) Pick-
and-Place; (b) Block Disinfection, where the translucent
sphere around a block represents its dirtiness (this is not
visible to the robot); and (c) Relative Weight Reasoning,
where the radius of the disk under each block indicates its
weight (this is not visible to the robot).

A. Simulated Tabletop Manipulation Domains

The Pick-and-Place domain involves scenarios that require
a robot arm to sequentially pick up and place a block
onto another block, bowl, or the table. The model needs to
remember and reason over the block locations. The example
user queries are “Put the green block in the red bowl.”, “What
is the color of the block under the pink block?”, and “How
many blocks are in the green bowl?”.

In the Block Disinfection domain, we consider a scenario
in which a block can be either dirty or clean, the state of which
is not observable by the robot. When a clean block touches a
dirty block (e.g., as a result of stacking one block on another),
the clean block becomes dirty. There is a disinfector on the
table that cleans any block placed inside it. This scenario
emulates a clean-up task in which you might ask a robot to
put dirty dishes in a dishwasher or dirty clothes in a washing
machine. The user query contains pick-and-place commands
similar to those in the pick-and-place domain as well as
textual utterances that require reasoning over which blocks
are clean and dirty, such as “Put all the clean blocks in the
green bowl.” This domain presents a particular challenge
as the model must track the cleanliness of each block and
accurately capture the state mutations that happen when a
dirty block comes into contact with another clean block.

Relative Weight Reasoning involves memorizing and
reasoning over the relative weights of the blocks. User queries
provide information about the weight of blocks (e.g., “The red
block is twice the weight of the bronze block.”), which are
followed by queries that require reasoning over the weights
(e.g., “Put blocks in the purple bowl so that their total weight
becomes identical to what is in the gray bowl.”).

We compare our proposed approach, Statler, to two strong
competing methods: Code-as-Policies [5] (CaP) and CaP with
Chain-of-Thought prompting [18] (CaP+CoT). CaP generates
code for the current question at each step based on the past
actions, but it does not maintain a state. Following the CoT
framework, at every step, CaP+CoT deduces the intermediate
states based on an initial state and past actions, which are
considered as its thoughts, to generate the current code. But
it leads to redundant reasoning and increases the length of the
prompt, which may then exceed the LLM’s context window

What is the color of the block right above the blue block?

Code-as-Policies: fails to generate

anything

Statler (ours): “red”

How many blocks are not in the bowls?

Code-as-Policies: “There are two
blocks not in the bowls: brown block
and yellow block.”

Statler (ours): “three blocks”

Fig. 5: Examples that show the result of querying LLMs with
and without maintained state. In the first scenario, CaP fails
to produce an answer, while our Statler model produces the
correct response. In the second example, one block is not
visible and CaP incorrectly identifies two blocks as not being
a bowl. By maintaining a persistent world state, our method
is aware of the third block and correctly answers the query.

size limitations. Furthermore, longer reasoning also demands
longer, more intricate demo example prompts, contributing to
increased developer effort. We ensure that the demonstrations
(i.e., in-context examples) given to each of the models are
equivalent. Namely, we use the same sequence of user queries
and code snippets, except for necessary differences due to
their designs such as state representation.

TABLE I: Episode success rates and individual step success
rates (in parentheses) for each sequential task. †indicates that
the context limit was often exceeded.

Pick & Place Disinfection Weight

CaP 0.00 (0.54) 0.00 (0.68) 0.00 (0.84)

CaP+CoT 0.25 (0.76) 0.00 (0.20)† 0.30 (0.88)

Statler (ours) 0.50 (0.88) 0.40 (0.82) 0.55 (0.93)

Table I reports the episode success rates of each method
along with the the success rate for individual steps. An episode
is considered to be a failure if a model fails to respond
to one of the user queries in the episode. While the CaP
baseline correctly processes more than half of the individual
steps in each domain, it fails to successfully complete any
of the episodes. As we show later, CaP correctly processes
most queries that do not require reasoning over previous
steps (e.g.,“Put the red block on the blue block.”), but tends
to generate incorrect (or no) code in response to queries
that require reasoning over the history (e.g., “Put all the
dirty blocks in the pink bowl.” and “What is the color of
the block under the purple block?”) (see Figure 5 (top)).
CaP+CoT fares slightly better in the Pick-and-Place and
Relative Weight Reasoning, but still fails in most episodes.
In contrast, Statler successfully handles the majority of these
queries, demonstrating strong improvement over the others.
It should be noted we explicitly chose queries that were
challenging for LLM-based models, which partially accounts
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for why our model’s scores show room for improvement.

TABLE II: Success rates of Code-as-Policies (CaP) and Statler
for non-temporal and temporal queries.

Non-temporal Temporal

CaP Statler (ours) CaP Statler (ours)

Pick & Place 1.00 (62/62) 1.00 (68/68) 0.31 (9/29) 0.83 (48/58)

Disinfection 0.99 (148/149) 0.98 (164/168) 0.05 (1/20) 0.65 (15/23)

Weight 1.00 (107/107) 1.00 (107/107) 0.00 (0/20) 0.55 (11/20)

In order to better understand the behavior of Statler in
comparison to Code-as-Policies, we analyze the success rates
based on the type of user queries. Specifically, we categorize
each query as either temporal or non-temporal depending
on whether responding to the query necessitates temporal
reasoning. We emphasize that contemporary methods, includ-
ing the baselines that we consider, use non-temporal queries
for evaluation. Table II summarizes the resulting accuracy.
The models often fail at different steps in an episode. We
note that, when calculating accuracy we only consider the
sequence of steps until the model fails to generate the correct
code, which explains the mismatch in the denominators.

We see that both models achieve near-perfect performance
on commands that do not require temporal reasoning. How-
ever, the performance of CaP noticeably decreases for tasks
that require reasoning over the past. In contrast, Statler
achieves success rates of 83% (vs. 31% for CaP) on Pick-
and-Place, 65% (vs. 5% for CaP) on Block Disinfection, and
55% (vs. 0% for CaP) on Relative Weight Reasoning.

Although our method enjoys a better robustness than the
baseline methods, it inherits some issues of large language
models, which hinders its performance. For example, it
hallucinates block conditions (e.g., clean or dirty) or loca-
tions when the cleanliness of the block is never explicitly
described. Moreover, the model’s reasoning strategy seems to
predominantly treat weight as an abstract concept, e.g. light vs.
heavy, rather than executing mathematical computations. This
weakness is evident when asking the model to accumulate
blocks in a bowl until their total weight surpasses that of
another bowl, yet the model underfills the bowl. In the
disinfection domain, our model struggles to comprehend
ambiguous terms like “other” in queries such as “the other
blocks are clean.” It can also wrongly infer from the training
prompt that a block at the bottom becomes dirty when a block
is placed on top of it, irrespective of the latter’s cleanliness.

B. Real Robot Experiments

In order to validate Statler on a real robot, we implement it
on a UR5 arm in a similar tabletop domain as the simulated
experiments. We use MDETR [19], an open-vocabulary
segmentation model, to obtain segmentation masks for objects
within an RGB image captured by a RealSense camera
mounted on the gripper. Using the predicted object mask
and the depth image, the object point-cloud can be obtained,
from which we estimate its center position and bounding box.
All of the primitive functions are identical to those used in
simulation. In this domain, the robot is asked to stack objects

C
od

e-
as

-P
ol

ic
ie

s

Put the black cup on the yellow block.
Put the yellow block on the Rubik’s cube.
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Fig. 6: A comparison of the resulting behavior for (top) Code-
as-Policies and (bottom) our Statler model for the real robot
experiments for the given multi-sentence instruction. Frames
correspond to instances when the robot has placed an object.
In order to successfully carry out the instruction, the robot
must subsequently remove the black cup immediately after
using it to cover the yellow block so that it can place the
yellow block on the Rubik’s cube. However, the the baseline
Code-as-Policies (top row, third frame) fails to move the
black cup aside, leaving the yellow block covered. It then
places a wrong object on top of the Rubik’s cube.

1 Your task is to maintain the status of these items using a
JSON dictionary and update the status of the corresponding
items after a new query.

2 This JSON dictionary will be commented, meaning that the
starting character of each line is #.

Prompt 6: Portion of Statler-Auto prompt.

and cover objects with different colored cups. At any point,
an object is only permitted to be covered by at most a single
object or cover. If the robot is asked to manipulate the bottom
object, it must put away the top one. If a new cover or object
is to be stacked on it, the existing one must be removed.

We evaluate the performance of Statler vs. CaP in the real
robot domain using 10 episodes. Statler achieves episode and
step (in parentheses) success rate of 40% (70%), where 67%
of the failure cases are due to LLM reasoning while others
are caused by either perception or manipulation issues. The
success rate for CaP is 20% (46%), where LLM reasoning
accounts for 88% of failures. In Figure 6, we also provide a
short example where the CaP baseline fails. The difficulty is
in recognizing that yellow block is hidden under the black
cup, which must be removed before picking up the yellow
block as Statler correctly spots. Instead, CaP is not aware of
this and tries to pick up the yellow block nonetheless, which
leads MDETR to incorrectly detect the toy wheel that has
yellow color in it as the yellow block.

C. State-Maintenance Ablations

To better understand Statler’s state-maintenance strategy,
we consider three different approaches to tracking the state.

The first (Statler-Unified) employs a single LLM as both the
world-state reader and writer using a prompt that interleaves
Statler’s reader and writer prompts. At each step, the LLM
first generates the action and then predicts the state that results
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from executing that action. The LLM then uses the resulting
state when reasoning over the next query. Using a single
LLM is conceptually simple, but it incurs an added burden for
reasoning and generalization. Inspired by InstructGPT [20],
the second (Statler-Auto) does not receive any in-context
state-update examples for the world-state writer. Instead, we
provide a natural language description of how the state should
be maintained. Prompt 6 shows the relevant portion of the
prompt. With an instruction and no in-context state-update
examples, we ran our model on the same set of tasks. The
third (Statler w/o State) ablates the world-state maintenance
components of Statler entirely, resulting in a model that
reduces to Code-as-Policies.

TABLE III: Ablation episode (individual step) success rates.

Pick & Place Disinfection Weight

Statler w/o State 0.00 (0.54) 0.00 (0.68) 0.00 (0.84)

Statler-Unified 0.40 (0.85) 0.35 (0.79) 0.50 (0.92)

Statler-Auto 0.75 (0.88) 0.45 (0.82) 0.40 (0.90)

Statler (ours) 0.50 (0.88) 0.40 (0.82) 0.55 (0.93)

Table III compares the performance of Statler to the three
variations in terms of both their full-episode completion rates
(using 20 episodes for each domain) as well their individual
step success rates. Without maintaining the world-state, Statler
w/o State fails to complete any episodes (recall that an episode
is considered to be a failure if the model fails to respond
to one of the user queries during the episode) and results
in individual step success rates that are significantly lower
than Statler. Meanwhile, we see that Statler’s use of separate
LLMs for the world-state reader and world-state writer results
in consistently higher episode success rates compared with
the use of a unified reader and writer (Statler-Unified). The
individual step success rates are higher for Pick-and-Place
and Block Disinfection, and comparable for Relative Weight
Reasoning. With regards to Statler’s use of separate LLMs
for the world-state writer and reader, we note that in-context
learning has been shown to be sensitive to variations in prompt
templates, the order of examples, and the examples used
[21, 22]. In light of this, it is plausible that the performance
gains that we achieve by dividing our reader and writer
may be attributed in part to this sensitivity, allowing the
models to, in effect, become specialized at their respective
tasks. Interestingly, Statler-Auto performs noticeably better
than Statler and Statler-Unified with regards to the episode
success rate on the Pick-and-Place and Block Disinfection
domains, but comparable to Statler in terms of the individual
success rates, and worse for Relative Weight Reasoning.

V. RELATED WORK

Language Understanding for Robotics A common
approach for language understanding for robotic agents
involves symbol grounding [23], whereby phrases are mapped
to symbols in the robot’s world model. Early work [24, 25]
relies upon hand-engineered rules to perform this mapping.
More recent methods replace these rules with statistical

models the parameters of which are trained on annotated
corpora [26–37]. Other methods use neural network-based
architectures to jointly reason over natural language utterances
and the agent’s (visual) observations of the scene [38–42].

LLMs for Robotics Since LLMs are trained with Internet-
scale corpora, their infused common sense have shown to
help in the domain of robotics in terms of high-level planning
from natural language instructions [4, 5, 43] for both object
manipulation [44, 45] and navigation tasks [46–49]. Combin-
ing LLMs with expressive visual-language embeddings also
enables impressive capabilities [50]. This has led to efforts to
push for general multi-modality embodied models [51, 52].

Code Generation with LLMs Code generation has been
one of the most successful use cases for LLMs [2, 3, 53–
56]. Since code can connect with executable APIs for tasks
including computation, vision and manipulation, a large chunk
of work has focused on code generation with different tools
[57–59]. In particular, Code-as-policies [5] is one of the first
to use code generation within a robotics context.

State Representation in Reasoning The use of state
representations have been shown to help in algorithmic
reasoning tasks [60, 61]. Instead of using one forward pass
to predict the execution result for the entire code snippet,
Nye et al. [60] proposes to spell out step-by-step intermediate
outputs to help infer the final execution results. Also relevant
are research efforts that aim to enhance language modeling
by rolling out possible future tokens [62].

Language Models and Planning Recent work shows that
vanilla and instruction-tuned LLMs plan poorly [14, 16, 17].
Some works propose using the LLM as an intermediary
between natural language and a domain-specific programming
language, and then uses a traditional planner [15, 16, 63].
Silver et al. [17] employ Chain-of-Thought and iterative
reprompting with feedback on generated plans, but require
GPT-4 for good performance. Xiang et al. [64] use parameter-
efficient finetuning of LLMs on top of traces from a world-
model and show improved performance on related tasks.

VI. CONCLUSION

We presented Statler, a language model that maintains
an explicit representation of state to support longer-horizon
robot reasoning tasks. Integral to Statler are a world-state
reader that responds to a user query taking into account the
current internal state, and a world-state writer that maintains
the world state. Evaluations on various simulated and real
robot manipulation tasks reveal that Statler significantly
outperforms contemporary models on non-trivial tasks that
require reasoning over the past. Ablations demonstrate the
contributions of our world-state reader and writer, and suggest
Statler’s flexibility to the state representation.
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