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Abstract

Recent advancements in Large Language Models (LLMs) have showcased their ability to per-
form complex reasoning tasks, but their effectiveness in planning remains underexplored. In this
study, we evaluate the planning capabilities of OpenAI’s ol models across a variety of bench-
mark tasks, focusing on three key aspects: feasibility, optimality, and generalizability. Through
empirical evaluations on constraint-heavy tasks (e.g., Barman, Tyreworld) and spatially complex
environments (e.g., Termes, Floortile), we highlight ol-preview’s strengths in self-evaluation and
constraint-following, while also identifying bottlenecks in decision-making and memory manage-
ment, particularly in tasks requiring robust spatial reasoning. Our results reveal that ol-preview
outperforms GPT-4 in adhering to task constraints and managing state transitions in structured
environments. However, the model often generates suboptimal solutions with redundant actions
and struggles to generalize effectively in spatially complex tasks. This pilot study provides foun-
dational insights into the planning limitations of LLMs, offering key directions for future research
on improving memory management, decision-making, and generalization in LLM-based planning.

1 Introduction

Large Language Models (LLMs) have sig-
nificantly changed the landscape of arti-
ficial intelligence, achieving impressive re-
sults in various language-related tasks, such
as chatbots, math, and coding, etc. One
of the areas, that remains yet to be fully
claimed by LLMs, is the use of language
agents for planning in the interactive physi-
cal world [Huang et al., 2022a,b, Singh et al.,
2023, Lin et al., 2023]. Previous scrutiny
[Liu et al., 2023, Valmeekam et al., 2024a,
2023, 2024b] pointed out that despite pos-
sessing advanced inference reasoning tech-
niques like Chain-of-Thought (CoT) [Wei
et al., 2022] and Tree-of-Thought (ToT)
[Yao et al., 2024], LLMs still struggle in
making success plans without relying on ex-
ternal tools, such as a PDDL planner [Liu
et al., 2023, Lyu et al., 2023].
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Figure 1: Overall comparison of GPT-4, ol-mini,and o1-
preview, on key planning perspectives defined by us.

The recent release of OpenAl’s ol model [OpenAl, 2024], trained with reinforcement learning to
naturally employ chain-of-thought reasoning, has reached new heights in problem-solving, particularly
in mathematics and code generation. This suggests potential for planning, a seemingly related area.
Recent research [Valmeekam et al., 2024a] was the first to evaluate the success rates of ol and other
LLMs on Blocksworld and its variants from PlanBench [Valmeekam et al., 2024b], demonstrating that
ol has significantly enhanced its capabilities, extending the boundaries of what LLMs can accomplish
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in planning tasks. Despite these improvements, ol is still far from perfect, raising our curious question:
where does the o1 model still fall short, and how can one systematically identify its limitations?

Our work takes a deeper dive into the planning process to perform a more detailed analysis across a
broader range of planning tasks building on [Valmeekam et al., 2024a]. Rather than merely measuring
the plan success rate as previous studies did [Valmeekam et al., 2024a, Liu et al., 2023], we classify the
different types of errors LLMs make during their planning. Through extensive empirical evaluations,
we analyze ol’s performance across various domains from three key perspectives: plan feasibility, plan
optimality, and plan generalizability. We aim to offer a clearer understanding of the current limitations
of LLMs in the entire planning pipeline, and to facilitate future finer-grained diagnostics.

2 Planning Ability Evaluation: Three Perspectives

We propose evaluating the planning abilities of language model agents from three key perspectives:
feasibility, optimality, and generalizability. These categories represent distinct but interconnected
aspects of planning, each addressing a critical dimension of the agent’s capability to effectively handle
tasks in diverse environments. By dividing planning abilities into these three perspectives, we ensure
a comprehensive evaluation, where each aspect plays a significant role in overall performance. The
motivation for this division lies in the varied challenges planning entails, from basic execution to
advanced optimization and adaptation across new contexts.

Feasibility Feasibility assesses whether the agent can produce a viable plan to achieve the goal, often
referred to as success rate in previous works [Liu et al., 2023]. A plan must not only be executable but
also ensure goal completion under real-world constraints. This category directly measures the agent’s
ability to operate within the problem’s rules, ensuring that each generated plan is valid and practical
in real-world settings. Feasibility can be further divided into three key components:

1. Ability to create feasible steps FEach step in a plan must be executable within the system,
adhering to constraints specific to the problem domain. Constraints might include physical limi-
tations, action order requirements, or other domain-specific rules. In route planning, for instance,
certain zones may be inaccessible, while in operational planning, tasks may have dependencies
that must be respected. We term failures related to this issue as “Inability to Follow Prob-
lem Rules” (IR). This occurs when a plan violates domain constraints, often because language
models, trained on natural language data, misinterpret problem-specific constraints: some steps,
although violating the physical constraints of the problem, may still seem logically plausible
within a natural language framework, leading the agent to mistakenly adopt them. Such errors
become more frequent as the complexity or number of rules increases, revealing a need for more
sophisticated validation mechanisms beyond natural language reasoning.

2. Ability to generate a feasible plan Even if individual steps are valid, the overall plan
may still fail to achieve the intended goal. The agent might not generate a coherent sequence of
actions, leading to dead ends or random exploration. This issue, termed “Inability to Generate
a Feasible Plan” (IP), grows more prominent in complex tasks requiring advanced reasoning.
Stronger models like ol, which demonstrate superior reasoning capabilities, tend to perform
better, as they provide more thorough analysis and structured plans.

3. Ability to understand the problem Feasibility also hinges on correctly interpreting the
problem’s initial and goal states. Even with valid steps and an overall plan, misinterpreting
the starting conditions or the desired end state can result in errors. Such failures, termed
“Misinterpretation of Goal State” (MG), are common when plans require deep reasoning over
multiple steps. This issue, however, can be mitigated in models with stronger reasoning abilities.

Optimality While feasibility ensures that a plan can be successfully executed, optimality concerns
how efficiently the plan achieves its goal. In many real-world scenarios, a feasible plan is not enough;
the plan must also be resource-efficient, minimizing unnecessary actions, time, and cost. In this
context, optimality refers to whether the language agent can generate the most efficient plan, avoiding
redundant steps or suboptimal decisions that waste resources.



Optimality is particularly important in tasks with limited resources or strict time constraints,
where even small inefficiencies can lead to significant performance degradation. For example, in a
robotic task, an optimal plan would minimize the number of movements or tool changes required
to complete the task, whereas a suboptimal plan might include unnecessary repetitions or idle steps.
Failures in optimality, termed “Lack of Optimality” (LO), arise when a plan, although feasible, includes
extraneous or inefficient actions that prevent it from being considered the best solution.

Our experiments suggest that while advanced models like ol-preview show some improvements
in generating more optimal plans compared to simpler models, the gap between feasibility and true
optimality remains significant. This highlights the inherent difficulty for language models to reason not
only about what needs to be done but also about how to do it in the most efficient manner. Developing
strategies to incorporate cost-sensitive reasoning or employing more advanced search and pruning
techniques could help mitigate this issue. Furthermore, improving optimality in LLMs requires better
integration of domain-specific heuristics or optimization-based approaches that can help prioritize
efficiency during the planning process.

Generalizability Generalizability examines whether a language model can successfully plan across
a diverse range of scenarios, including those it may not have explicitly encountered during training.
Generalization becomes especially challenging when the agent must deal with abstract representations
of actions or work in environments where the semantics of actions differ from those in natural language.
This capability is crucial for robust performance in real-world applications, where the agent may
encounter unfamiliar contexts or have to work with symbolic representations that are not directly tied
to the real-world semantics - yet still following consistent logical structures.

Inspired by [Valmeekam et al., 2024b], we test whether the agent can construct valid plans even
when actions are represented by arbitrary symbols, devoid of any inherent natural language meaning.
In these cases, the agent’s ability to generalize reflects its deeper understanding of the underlying
structure and logic of planning tasks, independent of the specific linguistic cues it was trained on.
This aspect is critical in fields like robotics, where planning often involves symbolic reasoning and
manipulation of abstract entities. Our experiments (e.g., Figure 4) indicate that generalization remains
a significant challenge for current models, especially in more complex, spatially dynamic environments.
Models like ol-preview show a clear degradation in performance when transitioning from familiar tasks
to generalized ones, suggesting that their learned representations are often too closely tied to specific
task domains. This limitation highlights the need for more robust generalization mechanisms for
LLM-based planners.

‘ GPT-4 ‘ ol-mini ‘ ol-preview

IP LO MG IR SR |IP LO MG IR SR |IP LO MG IR SR
Barman 0 0 0 10 O 0 0 0 10 O 0 0 0 10 O
Blocksworkd | 0 0 0 6 04 |0 0 0 4 06 |0 1 0 0 1
Floortile 0 0 1 9 0 1 0 0 9 0 7 0 0 3 0
Grippers 0 8 0 3 07 |1 2 1 0 0.8 |0 2 1 0 0.9
Tyreworld |0 N/A 0 9 01]0 N/A 0 8 02]0 N/A 0 0 1
Termes 0 N/A 0 10 0 0 N/A 0 10 0 0 N/A 0 10 0

Table 1: The counts of each error type (IP, LO, MG, IR), as defined in Section 2. Note that LO only
counts if the model outputs a feasible plan yet is not optimal. Besides, SR is the success rate (or
feasible plan rate), with the highest success rate for each domain in bold. ol-preview has the highest
success rate across all the domains.

3 Experiments on Planning Benchmarks

We assess the planning capabilities of GPT-4, ol-mini, and ol-preview as discussed in Section 2. The
overall comparison in outlined in Table 1. Next, we will explore each task in detail to carefully analyze
the language agents’ abilities across various planning tasks. The results afor feasibility, optimality, and
generalizability are presented in figures 2, 3, and 4, respectively. For each task, errors are highlighted in
red, while the reasons for these errors are indicated in orange. The specific action constraints that are



violated are discussed in the accompanying captions. Details about the action domain and additional
examples for each problem are available at: https://github.com/VITA-Group/ol-planning.

Feasibility Error and Success Rates Across Tasks and Models
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Figure 2: Feasibility error and success rate for 6 tasks and 3 models. Overall, 0ol improves the success
rate for certain tasks, but many problematic issues still persist. Examples of different error types are
detailedd in later figures: IR: 5, 6a, 8, 9, 10 ; IP: 8 ; MG: 7a
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Figure 3: Success rate and optimality rate for Blocksworld and Grippers. Compared to GPT-4, ol can
provide more optimal plans. Example of suboptimal solutions are provided in Figures 6b and 7b.

3.1 Barman

Task description In this task, a robot barman is tasked with preparing a series of drinks by manipu-
lating drink dispensers, shot glasses, and a shaker. The robot, equipped with two hands, must perform
a variety of actions such as grasping containers, filling/refilling shot glasses, pouring ingredients, shak-
ing cocktails, and cleaning or emptying containers. Each action comes with strict preconditions—for
example, the robot can only grasp a container when one hand is free, and shaking a cocktail is only
possible when the shaker contains exactly two ingredients. Successfully completing this task requires
precise sequencing of actions, where adhering to these constraints is crucial to avoid mistakes.
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Figure 4: Success rate for generalization setting. GPT-4 fails entirely on challenging generalized tasks,
whereas ol is able to solve some of them. An example of randomize domain is provided in Figure 11.

Analysis The results indicate that the language model agent struggles significantly with this task,
consistently failing to generate feasible plans. Nearly all the errors stem from the agent’s inability to
follow the specified rules, categorized as the IR error. For example, the rules demand that certain
actions, like filling a container, require one hand to be free, or that specific actions must be taken in
a strict order, such as holding a container before filling it. However, the LLM agents often overlook
these critical constraints. This issue persists even in more advanced models like ol-preview. Figure
5 illustrates the first error in the solution, where both GPT-4 and ol-mini violate explicit rules,
highlighted in red and orange, respectively. These errors underline a common limitation of language
models: while they can generate plausible sequences of actions in a natural language context, they
frequently overlook key operational constraints critical for real-world execution.

An IR Example for GPT-4 and o1-mini in Barman

Problem: You have 1 shaker with 3 levels, 4 shot glasses, 3 dispensers é.4 Solution: Qini Solution:
for 3 ingredients. 1. Grasp shaker with left hand. 1. Prepare “cocktail5" in “shot1"
2. Grasp shot1 with right hand. (ingredient1 + ingredient3):
The shaker and shot glasses are clean, empty, and on the table. Your left| |3, Clean shot1. 1.1. **L:** Grasp ‘shot1".
and right hands are empty. 4. Fill shot1 with ingredient1 from 1.2. **R:** Grasp ‘ingredient1”
dispenser1. dispenser.
The first ingredient of cocktail1 is ingredient1. The second ingredient of 5. Pour from shot1 to shaker. 1.3. **L:** Fill *shot1” with “ingredient1".
cocktail1 is ingredient3. 6. Leave shot1 on the table. 1.4. **R:** Release ‘ingredient1”
The first ingredient of cocktail2 is ingredient2. The second ingredient of 7. Grasp shot1 with right hand. dispenser.
cocktail2 is ingredient3. 8. Refill shot1 with ingredient3 from 1.5. **L:** Leave ‘shot1" on the table.
The first ingredient of cocktail3 is ingredient1. The second ingredient of dispenser3. 1.6. **R:** Grasp ‘shot1".
cocktail3 is ingredient2. 9. Pour from shot1 to shaker. 1.7. **L:** Grasp “ingredient3"
10. Shake a cocktail in shaker. dispenser.
Your goal is to make 3 cocktails. 11. Pour from shaker to shot1. 1.8. **R:** Fill “shot1" with
shot1 contains cocktail1. shot2 contains cocktail3. shot3 contains 12. Leave shot1 on the table. ‘ingredient3’.
cocktail2. 13. Empty the shaker.
14. Clean the shaker. 1.9. **L:** Release ‘ingredient3"
Can you provide an optimal plan, in the way of a sequence of behaviors, | | ... dispenser.
to solve the problem? / \

Figure 5: A failure example for Barman. The left side contains the problem statement, while the right
side shows the first lines of the solutions provided by GPT-4 and ol-mini. The GPT-4 solution fails
because the rules require that one hand must be empty for “filling”, while the ol-mini solution fails
because the rules specify that “filling” applies only to an empty shot glass.

3.2 Blocksworld

Task description This planning task involves multiple blocks arranged on a table, where the goal
is to move from an initial configuration to a pre-specified goal configuration. The robot arm, which
can hold only one block at a time, must execute a series of actions such as picking up, putting down,
stacking, and unstacking blocks to achieve the desired arrangement. The challenge lies in determining
the correct sequence of these actions, while adhering to constraints that dictate how blocks can be



A Failure Example of o1-mini in Blocksworld A Sub-optimal Example of o1-preview in Blocksworld

Problem: You have 7 blocks. o1-preview: Problem: You have 7 blocks. o1-preview:
b6 is on top of b3. b2 is on top of b5. Certainly! Below is an optimal plan to b6 is on top of b3. b2 is on top of b5. Here's the optimal plan:
b4 is on top of b7. b7 is on top of b1. achieve the desired goal. b4 is on top of b7. b7 is on top of b1. 1. Unstack b5 from b2
b3 is on the table. b1 is on the table. Action Sequence: b3 is on the table. b1 is on the table. 2. Put down b5 on the table
b5 is on the table. b6 is clear. 1. Unstack b4 from b7 b5 is on the table. b6 is clear. 3. Unstack b2 from b3
b2 is clear. b4 is clear. 2. Putdown b4 on the table b2 is clear. b4 is clear. 4. Stack b2 onto b6
Your arm is empty. 3. Unstack b7 from b1 Your arm is empty. 5. Unstack b3 from b1
Your goal is to move the blocks. 4. Putdown b7 on the table Your goal is to move the blocks. 6. Stack b3 onto b5
b1 should be on top of b7. b2 should be on 5. Unstack b6 from b3 b1 should be on top of b7. b2 should be on 7. Pick up b4 from the table
top of b5. b3 should be on top of b2. b4 6. Putdown b6 on the table top of b5. b3 should be on top of b2. b4 .
should be on top of b1. b5 should be on top 7. Stack b5 on b6 should be on top of b1. b5 should be on top
of b6. b7 should be on top of b3. o of b6. b7 should be on top of b3.
Can you provide an optimal plan? Can you provide an optimal plan?
b1
\ J \ J
(a) (b)

Figure 6: Example failure and sub-optimal cases in the Blocksworld planning problem. (a) An illustra-
tion of a plan generated by ol-mini showcasing IR error in step 7. (b) An illustration of a sub-optimal
plan generated by ol-preview showcasing LO error in step 4.

manipulated. The action space is limited to fundamental operations like pickup, putdown, and stack.

Analysis In this task, GPT-4 demonstrated a relatively low success rate of 40%, while ol-mini
performed slightly better at 60%. However, ol-preview achieved a perfect 100% success rate, reflecting
its stronger reasoning capabilities. The success rates decreased as the number of blocks increased,
highlighting the challenge of managing larger object sets. Both GPT-4 and ol-mini frequently failed
to follow problem constraints, an issue categorized as the IR error. Figure 6a provides an example
where ol-mini fails to comply with these constraints.

Although ol-preview successfully completed all tasks, it was not entirely optimal. In one instance,
the model added an unnecessary step, leading to a suboptimal solution despite reaching the correct
goal state. This issue, characterized as LO, is illustrated in Figure 6b. The occurrence of suboptimal
steps even in successful models emphasizes the ongoing challenge of optimizing planning tasks, where
generating feasible solutions is not always sufficient.

3.3 Grippers

Task description This task involves a team of robots equipped with two grippers, capable of moving
between rooms and manipulating objects. The robots have three primary actions: moving from one
room to another, picking up objects, and dropping them. Each action is constrained by the robot’s
current location and the status of its grippers, meaning that a robot can only pick up an object if
its gripper is free and can only drop an object in a specific location once it is carrying one. Effective
planning requires coordinating these actions while adhering to these constraints to accomplish the goal
of manipulating objects across different rooms.

Analysis In this domain, both ol-mini and ol-preview significantly outperformed GPT-4, particu-
larly in success and optimality rates. GPT-4 managed a 70% success rate but only a 20% optimality
rate, indicating frequent suboptimal action sequences. In contrast, ol-mini achieved both higher suc-
cess and optimality rates, at 80% for each. ol-preview performed even better with a 90% success rate,
though its optimality rate dropped slightly to 70%. Figure 7b showcases an example where GPT-4
generates a suboptimal solution by including an unnecessary relocation of the robot, which adds re-
dundant steps to the plan. Conversely, ol-mini, through additional reasoning, eliminated unnecessary
movements, leading to an optimal solution.

However, ol-preview exhibited a shortcoming related to the MG error. In one instance, depicted
in Figure 7a, the robot’s initial state already coincided with the goal state—both balls were already



in the correct room (rooml), meaning no action was required. While both GPT-4 and ol-mini cor-
rectly recognized that no further steps were necessary, ol-preview mistakenly identified room2 as the
goal, leading to unnecessary actions aimed at relocating the balls. This misinterpretation demon-
strates that even advanced models like ol-preview can struggle with maintaining accurate goal-state
representations, especially in tasks requiring minimal or no action.

A Failure Example of o1-preview in Grippers A Sub-optimal Example of GPT4 in Grippers
Problem: You control 2 robots, each robot o1»pr_eviev«(: . [/ Problem: GPT-4: O1-mini:
has a left gripper and a right gripper. There 1. Action: pick(robot1, ball1, left_gripper) You control 2 robots, each robot has a left gripper and a 1. Robot1,Move robot2 s in room1
are 2 rooms and 2 balls. 2. Action: pick(robot1, ball2, right_gripper) right gripper. There are 2 rooms and 5 balls. from Room2 to e located
Robot1 is i 4 3. Action: move(robot1, Room1, Room2) robot2 is in room1. robot1 is in room2. Room1 sndicandicectylnandie
Clsi) DU LE 4. Action: drop(robot1, ball1, left_gripper) ball2 is in room1. ball5 is in room1. ball1 is in room1. 2. Robot1,Pick the task.
Robot2 is in room1. 5 A°Q_° o op( °b°”' ball2l er=onppes ball3 is in room1. balld is in room1 Ball3 in Room1 B e oD
Ball2 is in room1. Ball1 is in room1. . Action: drop(robot1, ball2, The robots' grippers are free. using the left e Dl
The robots' grippers are free. right_gripper) Your goal is to transport the balls to their destinations. grper. ;V':gb'j;‘ ﬁzeg:’"om
: . T s & ball1 should be in room1 love from
Your. go:.«ll is to transport the balls to their oy e ball2 should be in room1 Room1 to Room2 room1 to room2
destinations. Rl LG ball3 should be in room2 4.Drop Ball3 in 3.robot2 Drops ball3 in
Ball1 should be in room1. Ball1 is in Room2. ball4 should be in room1. Room2. eom2itleRicrpper
Ball2 should be in room1. Ball2 is in Room2. \3n5 should be in room1 /
@ i@
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Figure 7: Failure examples in Grippers. (a) showcases ol-preview MG error: ol-preview assumes the
goal state is both balls in room?2 instead of room1; (b) highlights GPT4’s suboptimality: it took an
extra step to complete the goal, while ol-mini can return the optimal plan.

3.4 Floortile

Task description In this task, a team of robots is responsible for painting a grid of floor tiles in
black and white. Each robot can move in four directions, switch the color of its spray gun, and paint
tiles directly in front of or behind them. The main challenge is that robots can only paint tiles that
are currently unpainted and cannot move onto tiles that have already been painted. This creates a
complex constraint, requiring careful planning of movements and actions to achieve the desired tile
pattern without the robots trapping themselves or each other. The task demands strategic coordi-
nation between movement and painting actions, ensuring the robots follow the rules while efficiently
completing the grid pattern.

Analysis In this domain, all models—GPT-4, ol-mini, and ol-preview—failed to solve the test cases,
but the reasons for their failures varied. For GPT-4 and ol-mini, 90% of their failures stemmed from
the IR error. Specifically, both models frequently violated the rule that robots can only paint tiles
directly in front or behind them, instead attempting to paint the tile on which they were standing.
This rule violation was a common source of errors as the models struggled to keep track of the task
constraints while moving and painting simultaneously.

On the other hand, ol-preview showed a notable improvement in this regard, with only 30% of
its failures caused by IR. ol-preview’s internal self-evaluation mechanism allowed it to better track
the rules and adjust its actions accordingly. For instance, when it initially attempted to paint the
wrong tile, it was able to reevaluate the action and correct itself by following the task constraints.
However, despite these improvements in rule adherence, ol-preview encountered other errors, such
as rule confusion. In some cases, it misinterpreted which tiles could be painted or made invalid
assumptions about the sequence of movements. While its chain-of-thought reasoning helped it self-
correct in some cases, it was ultimately unable to solve the task entirely, as seen in Figure 8.

3.5 Termes

Task description The Termes task requires controlling a robot to construct structures by moving
between different positions and manipulating blocks. The robot can move horizontally, vertically (up
and down), and is tasked with placing or removing blocks at neighboring positions that match in



IR example for O1-mini and IP example for O1-preview in Floortile

@m: ﬁmini

A robot can only paint a tile if the tile has not been painted. Robot2:

A robot can only paint a tile to the color of its spray gun. 1. Move Up to tile_2-4

A robot cannot move to a tile that has been painted. 2. Change spray gun to Black

Now consider a planning problem. The problem description is: 3. Paint Down (tile_3-4 is now Black)
You havg = rows and 4 c_olumns of unpainted floor tiles. 4. Change spray gﬁn to Black

R 5. Paint Up (tile_1-4 is now Black)
tile_1-1 tile_1-2 tile_1-3 tile_1-4 .

tile_2-1 tile_2-2 tile_2-3 tile_2-4 6. Change spray gun to White
tile_3-1 tile_3-2 tile_3-3 tile_3-4 7. Paint Down (tl|e_2-4 IS now Whlte)
tile_4-1 tile_4-2 tile_4-3 tile_4-4

You have 2 robots.

Each robot can paint in color white or black. Robot 1:

robot1 is at tile_0-3. 1. Change spray Gun to White:
robot2 is at tile_3-4. 2. Paint Down (tile_1-3 is now White)
Your goal is to paint the grid in the following pattern: 3. Move Left

tile_1-1 white; tile_1-2 black; tile_1-3 white; tile_1-4 black;

tile_2-1 black; tile_2-2 white; tile_2-3 black; tile_2-4 white; g:é?ﬁtngz\;ﬁzﬁégggo Elzas

tile_3-1 white; tile_3-2 black; tile_3-3 white; tile_3-4 black; -

tile_4-1 black; tile_4-2 white; tile_4-3 black; tile_4-4 white. QAOVG Left

Initial State Goal State
o1

-Preview
Robot1:
1.change spray gun color to White.
2.Paint Down: Paint tile_1-3 White.
3.Move Letft to tile_0-2.
4.Change Spray Gun Color to Black.
5.Paint Down: Paint tile_1-2 Black.
6.Move Down to tile_1-2 (cannot move onto
painted tile; skip)
7.move Right back to tile_0-3.

8.Move Down to tile_1-3 (cannot move onto
painted tile; skip).

Under the given constraints and starting positions,
it's not possible to fully achieve the goal pattern

without violating the rules. The constraints prevent
the robots from reaching certain tiles without
stepping onto painted tiles or getting trapped.

N \ ) )

& J

Figure 8: We illustrate the IR error of ol-mini (top right) and the IP error of ol-preview (bottom left).
ol-mini incorrectly assumed that “paint down” would paint the grid beneath the robot. Meanwhile,
ol-preview adhered to the constraints throughout the plan but ultimately failed to complete it.

height. Additionally, the robot can create new blocks at a depot or destroy blocks when needed. To
achieve the specified construction goals, the robot must efficiently plan its movements and strategically
use blocks, adhering to height and positional constraints throughout the task. The challenge lies in
coordinating these actions while respecting the rules that govern both movement and block placement.

Analysis All models—GPT-4, ol-mini, and ol-preview—failed to successfully complete the tasks
in the Termes domain, largely due to shortcomings in detailed planning. A common source of error
across all models was the failure to account for the task’s height constraints when moving horizontally,
upward, or downward. These constraints, which ensure that the robot can only move to positions of
matching or specific relative heights, were frequently ignored by the models. Additionally, the language
models often made the mistake of placing blocks at their current position, a violation of the task’s rule
that blocks can only be placed at neighboring positions.



These errors highlight the models’ difficulty in managing complex spatial relationships and adhering
to the intricate rules of the task. Although the actions generated by the models may seem plausible in a
natural language context, they frequently overlook key operational details required for real-world robot
planning. This inability to follow task-specific constraints leads to failures in execution, as illustrated
in Figure 9, where the model skips necessary steps and misinterprets the correct sequence of actions.

An IR Example for GPT-4 and o1-mini in Termes

Problem: The robot is on a grid with 4 rows and 3 columns.

pos-0-0 pos-0-1 pos-0-2
pos-1-0 pos-1-1 pos-1-2
pos-2-0 pos-2-1 pos-2-2
pos-3-0 pos-3-1 pos-3-2

The robot is at pos-2-0.

The depot for new blocks is at pos-2-0.

The maximum height of blocks is 5.

Your goal is to build blocks so that the height at pos-2-1 is 5.
You cannot have an unplaced block at the end.

GPT-4 Solution:

1. Create a block at the depot. (The
robot is now at pos-2-0 with a block)

2. Move right to position pos-2-1. (new
position with block)

3. Place a block at the current position.
(pos-2-1 now has a block and robot has
no block)

4. Move left to position pos-2-0. (new
position with no block at depot)

5. Create a block at the depot. (The
robot is now at pos-2-0 with a block)
6. Move right to position pos-2-1. (new

0O1-mini Solution:

1. Create a Block at Depot ('pos-2-07)
2. Place Block at “pos-2-1°

3. Create a Block at Depot (‘pos-2-0")
4. Place Block at “pos-2-1°

5. Create a Block at Depot (‘pos-2-0")
6. Place Block at "pos-2-1

7. Create a Block at Depot (‘pos-2-0")
8. Place Block at ‘pos-2-1°

9. Create a Block at Depot ('pos-2-07)
10. Place Block at ‘pos-2-1°

Can you provide an optimal plan, in the way of a sequence of

behaviors, to solve the problem? position with block) | [

Figure 9: A failure example for Termes. GPT-4 solution fails because the block can only be placed in
a neighboring position, while ol-mini solution fails since the block must be placed at the same height.

3.6 Tyreworld

Task description This task involves replacing flat tyres on vehicle hubs with intact, inflated tyres.
The process requires the use of tools such as a wrench, jack, and pump, and the agent must follow
specific actions to manipulate the tyres, nuts, and tools. There are 11 predefined actions, including
opening and closing the boot, fetching and storing tools, loosening and tightening nuts, jacking up and
down hubs, removing and installing wheels, inflating tyres, and securing or undoing nuts. Success in this
task depends on executing these actions in the correct sequence while satisfying specific preconditions,
such as using the wrench to loosen the nuts before removing the wheel or tightening the nuts only
after lowering the jack.

Analysis ol-preview generated correct plans for all test problems, significantly outperforming both
GPT-4 and ol-mini, which failed to complete all but the simplest cases. The primary issue for GPT-4
and ol-mini was their frequent failure to follow the required action sequences. For instance, com-
mon errors included “loosening the nuts after jacking up” or “tightening the nuts before jacking
down”—critical mistakes that would prevent successful tyre replacement. Figure 10 provides an ex-
ample where failing to follow these mechanical constraints leads to incorrect plans.

We also evaluated the models’ generalization capabilities within this domain, revealing that while
ol-preview performed well on structured tasks, its success rate dropped from 100% to 20% when
the actions and tools were replaced with random symbols. Despite the symbols being abstract, the
underlying action constraints and logic remained unchanged. This sharp decrease in performance, as
illustrated in Figure 11, suggests that while ol-preview excels in rule-based planning with familiar
symbols, it struggles to generalize when the problem context becomes more abstract.

4 Discussion

4.1 Empirical Limitations

The primary limitation of this study stems from the relatively small dataset used in our empirical
evaluations. While the experiments provide a foundational understanding of the ol model’s planning
capabilities, broader insights into its generalizability and robustness can only be derived with more



An IR Example for GPT-4 and o1-mini in Tyreworld

ﬁoblem: You have a jack, a pump, a wrench, a boot, 9 hubsm

9 flat tyres, and 9 intact tyres.

The jack, pump, wrench, and intact tyres are in the boot.
The boot is unlocked but is closed.

The intact tyres are not inflated.

The flat tyres are on the hubs.

The hubs are on the ground.

The nuts are tight on the hubs.

The hubs are fastened.

Your goal is to replace flat tyres with intact tyres on the hubs. Intact
tyres should be inflated. The nuts should be tight on the hubs. The
flat tyres, wrench, jack, and pump should be in the boot. The boot
should be closed.

Can you provide an optimal plan, in the way of a sequence of
behaviors, to solve the problem?

GPT-4 Solution:
"open" the boot.
"fetch" the jack.
"fetch" the wrench.
"fetch" the pump.
"fetch" an intact tyre.
"inflate" the intact tyre.
Repeat steps 5 and 6 with the
remaining intact tyres.
8. For each of the 9 hubs:
1. "jack-up" the hub using the jack.
2. "loosen" the nut on the hub using
the wrench.
3. "undo" the nut using the wrench.
4. "remove-wheel" the flat tyre from the
hub.
5. "put-away" the flat tyre in the boot.

NoasON =

N [

O1-mini Solution:
1. Open the Boot.
2. Fetch Necessary Tools and Intact
Tyres.
3. For Each of the 9 Hubs, Perform the
Following Sequence:
a. Loosen the Nut on the Hub.
b. Jack Up the Hub.
c. Remove the Flat Tyre from the Hub.
d. Place the Intact Tyre onto the Hub.
e. Inflate the Intact Tyre.
f. Tighten the Nut on the Hub.

g. Lower the Hub Back to the Ground.
4. Return All Tools and Flat Tyres to the
Boot.

5. Close the Boot.

- /

/

Figure 10: A failure example for Tyreworld. GPT-4 fails since “loosen” must occur before “jack-up”,
and ol-mini fails since “tighten” must happen after “jack-down”.

An IR example for O1-preview in Randomized version Tyreworld

Problem: You have a c4d5, a e6f7, a a2b3, a g8h9, 1 wox0, 1
y1z2, 1 s5t6 u7v8, and 1 s4f5 u7v8.

The c4d5, e6f7, a2b3, and s4f5 u7v8 are in the g8h9.
The g8h9 is 930d but is w3x4d.

The s4f5 u7v8 are not s9t0d.

The s5t6 u7v8 are on the w9x0.

The w9x0 are on the q8r9.

The y1z2 are e1f2 on the w9x0.

The w9x0 are m3n4.

Your goal is to replace s5t6 u7v8 with s4f5 u7v8 on the w9x0.
s4f5 u7v8 should be s9t0d. The y1z2 should be e1f2 on the
w9Ix0. The s5t6 u7v8, a2b3, c4d5, and e6f7 should be in the
g8h9. The g8h9 should be w3x4d.

Can you provide an optimal plan, in the way of a sequence of
behaviors, to solve the problem?

1. Unlock the Garage (‘u1v2®
action)

2. Take the Jack from the Garage
('y5z6" action)

3. Take the Torque Wrench from
the Garage ('y5z6" action)

4. Take the A2B3 Tool from the
Garage ('y5z6" action)

5. Take the New Tires from the
Garage ('y5z6" action)

6. Lift the Vehicle Off the Ground
(‘g3h4" action)

7. Remove the Y122 (Brake) from
the Vehicle** (‘k1I2" action)

8. Remove the Old Tires from the
Vehicle ("05p6-s0t1" action)

9. Install the New Tires onto the
Vehicle ("q7r8-on-s0t1" action)

G—Preview Origianl Solution:\

GPreview Translated Solutib

1. Unlock the Garage (‘open’
action)

2. Take the Jack from the
Garage('fetch® action)

3. Take the Torque Wrench from
the Garage ('fetch™ action)

4. Take the wrench from the
Garage (‘fetch™ action)

5. Take the New Tires from the
Garage (‘fetch™ action)

6. Lift the Vehicle Off the Ground
(jack-up’)

7. Remove the nut from the Vehicle
(‘'undo® action)

8. Remove the Old Tires from the
Vehicle (‘remove-wheel" action)
9. Install the New Tires onto the
Vehicle ("put-on-wheel" action)

\_ AN _/

Figure 11: An example from the Randomized Tyre World: The center panel displays O-1’s original
solution, while the right panel translates the random symbols back to their original terms. Here, O-1
failed to adhere to the constraint that the nut must be loosened before it can be undone.

extensive testing across larger and more diverse datasets. Larger datasets would help expose potential
weaknesses that remain hidden in smaller, more structured environments, and would allow us to explore
how ol models handle a wider variety of constraints and complexity levels. Future work shall test in
more real-world settings, where planning problems involve dynamic and less predictable elements.

4.2 Model Performance vs. Problem Complexity

Our analysis reveals a strong correlation between the complexity of the problem and the performance
of the ol model. We empirically examine each problem along two dimensions of complexity: action
complexity and spatial complexity, as illustrated in Figure 12.

Specifically, the Floortile and Termes tasks highlight the challenges ol faces in environments with
higher spatial and rule-based complexity. In Floortile, the task is set in a two-dimensional world,
where robots must follow strict painting rules while navigating a constrained grid. In contrast, Ter-
mes involves a three-dimensional setting, introducing additional layers of complexity due to vertical
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movement constraints and the need for precise block manipulation. Interestingly, the size of the action
space did not appear to significantly affect the model’s ability to capture and use context efficiently.
Instead, the complexity of spatial relationships and state transitions proved to be more problematic.
This suggests that while ol models can handle tasks with limited actions (e.g., Grippers), they struggle
when required to reason about more abstract, multi-dimensional spaces where maintaining an accurate
internal state becomes critical.

4.3 Constraint Following and State Management

One key finding of this study is the ol model’s improved Difficuit A
ability to follow constraints and manage states, especially
in comparison to GPT-4. ol-preview’s self-evaluation
mechanism, which allows the model to check and cor-
rect its actions during plan generation, was particularly
effective in tasks like Blocksworld and Tyreworld. In these
tasks, ol-preview demonstrated a higher success rate in
adhering to complex rules, such as the preconditions for
using a wrench or jack in Tyreworld, while avoiding the
rule violations that plagued GPT-4 and ol-mini. How- .
ever, this ability to follow constraints deteriorates in more Easy Spatial Complexity Difficult
complex environments like Termes, where the need for
precise spatial reasoning and multi-step manipulation of-
ten leads to rule violations and misinterpretations of task
goals. This points to a potential limitation in the model’s
state management when dealing with more abstract prob-
lem spaces, and may call for explicit integration of neu-
rosymbolic methods Yang et al. [2024a].

o
barman

tyreworld
o

termes
o

floortile

Constrain Complexity

blocksworld
grippers

Figure 12: We empirically evaluated these
problems based on two complexity dimen-
sions: action complexity and spatial com-
plexity. The color coding represents the
success rates of the ol-preview model:
indicates a high success rate,
moderate success, and red complete failure.

4.4 Optimality and Redundancy in Planning

Optimality remains a significant challenge for the ol models, as demonstrated across tasks like Blocksworld
and Floortile. While ol-preview often generated feasible plans, it frequently failed to produce optimal
solutions, leading to redundant actions and inefficiencies. For example, in Blocksworld, ol-preview
added unnecessary steps to the plan, reducing its overall efficiency despite reaching the correct goal
state. This suggests that while the model can understand and follow constraints, it struggles with
decision-making related to resource minimization and action optimization. The ability to reason about
optimality is crucial for real-world applications, where minimizing steps and resources is often as impor-
tant as achieving the correct outcome. Enhancing this aspect of 0l’s reasoning mechanism—perhaps
by incorporating more advanced cost-based decision frameworks—would be a valuable area for future
research. Additionally, we observed that all three models exhibited some hallucination, including the
assumption of non-existent rules. For instance, the ol-preview model in the grippers assumed that it
could only move to adjacent numbered rooms, whereas the actual rule specifies that the move action
can proceed to any room. Although model could still generate feasible plan, but that also hinder its
ability to generate optimal plan.

4.5 Generalization and Adaptability

Another promising outcome of this study is ol-preview’s demonstrated ability to generalize across tasks
with consistent rule structures, as seen in Grippers. In these cases, ol-preview outperformed GPT-
4 by effectively adapting its learned strategies to new environments. In these scenarios, ol-preview
consistently outperformed GPT-4 by effectively adapting its learned strategies to new environments.
The ol model attempted to imbue meaningless symbols with natural language meaning to aid problem-
solving, as seen in Figure 11. Additionally, ol-preview’s self-evaluation capabilities enabled it to
maintain reasonable adherence to constraints, with only minor deviations, compared to GPT-4, which
often fails to grasp the goal. While ol-preview’s generalizability surpases previous GPT4 model,
particularly in structured, low-dimensional tasks, there is still substantial room for improvement in
enabling these models to adapt to more dynamic, high-dimensional, and abstract problem spaces.
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5

Conclusion

Our study offers a pilot evaluation of the planning capabilities of OpenAI’s ol models, providing new
insights into their strengths and limitations. By systematically evaluating their feasibility, optimality,
and generalizability across diverse planning tasks, we have uncovered key areas where ol-preview
demonstrates promising advancements as well as significant challenges that remain to be addressed.

5.1

Summary of Findings

The findings of our experiments can be summarized from four key perspectives:

1.

Understanding the Problem: ol-preview demonstrated an improved ability to grasp the task
requirements and constraints, particularly in well-defined, rule-based environments like Barman
and Tyreworld. This was largely due to its self-evaluation mechanism, which allowed for more
accurate state tracking and constraint adherence. However, more evidence is needed to establish
whether these improvements translate to better reasoning capabilities in more abstract settings.

. Following Constraints: Across most tasks, ol-preview showed a superior capacity to follow

task-specific constraints compared to GPT-4. However, this ability weakened as the complexity
of spatial reasoning and state transitions increased, as seen in Termes. This suggests that
while constraint following is a relative strength of the ol model, more work is needed to handle
environments with higher-dimensional state spaces.

State and Memory Management: One of ol-preview’s key advantages over previous models
is its ability to remember and manage multiple states effectively within a plan, which contributed
to its higher success rate in certain tasks. However, as problem complexity increased, the model’s
state management became less reliable, particularly in tasks involving spatial reasoning across
multiple dimensions. This implies a potential bottleneck in the model’s memory and decision-
making processes.

Reasoning and Generalization: While ol-preview showed some promise in its generalization
ability, particularly in structured environments like Grippers, its performance in more abstract
tasks like Termes revealed substantial limitations. The model struggled with reasoning under
conditions where actions and outcomes were less directly tied to the natural language represen-
tation of the task, highlighting an area for future improvements.

5.2 Opportunities for Improvement

We posit several key areas where future iterations of LLM-based planners can be improved:

¢ Optimality and Resource Utilization: Developing more sophisticated decision-making mech-

anisms that minimize redundant actions and optimize resource usage will be crucial for making ol
models more applicable to real-world planning tasks. This could involve incorporating cost-based
reasoning or learning from expert demonstrations to achieve more optimal plans.

Additionally, Retrieval-Augmented Generation (RAG) methods could offer a potential solution
by providing real-time, low-cost external memory updates, especially when tasks rely on large
knowledge bases encoded in natural language text. However, RAG’s effectiveness hinges on the
accuracy and efficiency of its retrieval algorithms, which may introduce further challenges.

Generalization in Abstract Spaces: While ol-preview shows promise in generalizing across
structured environments, its performance in tasks with more abstract and complex rule sets
remains suboptimal. Future work should focus on enhancing the model’s ability to generalize
in high-dimensional and spatially dynamic environments, potentially through improved memory
management Yang et al. [2024b] and abstraction mechanisms Zheng et al. [2024].

Enhancing the model’s decision-making and memory management capabilities, particularly for
spatially complex tasks, will be essential for improving both optimality and generalizability in
future iterations of LLM-based planning models.
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¢ Handling Dynamic and Unpredictable Environments: Many real-world planning prob-
lems involve dynamic environments with unpredictable elements. Testing the ol models in such
settings would provide valuable insights into their robustness and adaptability, especially when
rules or constraints change during execution.

e Improving Constraint Adherence through Self-Evaluation: One recurring issue across
multiple domains is the models’ inability to follow task-specific constraints accurately. Intro-
ducing more robust self-evaluation mechanisms could help LLMs better verify their own outputs
before finalizing decisions, potentially catching mistakes like rule violations. Techniques such
as multi-stage validation or symbolic verification Yang et al. [2024a], where models cross-check
their proposed actions against the task constraints, could significantly reduce the incidence of
constraint-related errors.

e Leveraging Multimodal Inputs: To enhance the model’s understanding of spatial and physi-
cal reasoning tasks, future LLM-based planners could benefit from integrating multimodal inputs
such as visual data, 3D environments, or sensor information Sun et al. [2024]. By incorporating
non-textual data, planners would be better equipped to handle complex tasks, such as robotic
manipulation or navigation, where purely text-based reasoning might miss critical spatial rela-
tionships or physical constraints.

e Scalability to Complex Multi-Agent Planning: Many planning tasks, particularly in
robotics and logistics, require coordination between multiple agents Wu et al. [2023]. Extend-
ing LLM-based planners to effectively handle multi-agent systems would be an important step
forward. This could involve developing strategies for decentralized planning, where each agent
generates its own plan based on local knowledge, while still cooperating to achieve a shared goal.

e Incorporating Human Feedback for Continuous Learning: One way to improve both
optimality and generalization is by incorporating continuous learning through human feedback.
Interactive feedback loops, where human users provide corrective signals or suggestions during
plan execution, could help models refine their decision-making and better adapt to new situations
or tasks that deviate from their training data.

In conclusion, while ol-preview represents a notable advancement in LLM-based planning, signifi-
cant challenges remain, particularly in terms of optimizing plans, generalizing to more abstract tasks,
and managing state complexity. Future research should aim to build on these insights to create more
robust, efficient, and adaptable planning agents capable of handling the diverse range of challenges
presented by real-world planning problems.
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