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Context-Driven Task and Motion Planning with Language Models
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Abstract: This paper presents a task planning framework for autonomous robots that combines
Large Language Models (LLMs) and Vision-Language Models (VLMs) to enable context-driven
reasoning and robust action generation. The framework infers preconditions by structuring
environmental states and task goals into contextual representations, which are then refined through
prompt engineering. These structured prompts are aligned with a predefined action library to
generate task sequences that are both logically consistent and physically executable. By integrating
symbolic task reasoning with motion planning, the method bridges the gap between high-level
natural language understanding and low-level robotic control. Experiments conducted in simulated
dynamic environments demonstrate that the approach produces reliable and adaptable task plans,
even under incomplete or ambiguous natural language instructions. The results suggest that
context-based inference and prompt optimization with LLM/VLMSs provide a scalable pathway for
developing autonomous robots capable of flexible task execution in real-world environments.
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[Fig. 1] An example of an environment for object manipulation
tasks. There are boxes (red, blue, yellow, green, and pink), an
L-shaped tool, a bin and a table. The boxes, L-shaped tool, and
bin are located on the table



[Algorithm 1] Context-Based Precondition Inference

Input: Natural language command #, Sensor observation x
Output: Validated precondition set P

1: entity, intent, behavior <~ LLM PARSE COMMAND(x)
2: Z< VLM PERCEIVE(x)
3:  C <+ SYMBOLIZE(Z, entity, intent, behavior)
4: G-+LLM_PRECONDITION(entity, intent, C)
5 P+—U
6: forginGdo
7. if CONSISTENT(g, C) and RELEVANT(g, entity, intent)
then
8: P «—PU{g}
9: end if
10: end for
11: return P
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[Algorithm 1] W&t 7|4to & 225 M3 &3
ot HA o] HEH(w)o] Y™ LLM command parsing
= F3oto] 22 di i (entity), FHE fIA|(intent), T2 F-%
(behavior) & F&3H(line 1). T30 2 3 AEHE F23517]
Yl MAZ JEd 3HF AR (xS 7|HlCE VLM 59 3
7ol 3 AA 9 38EA A2 Fodc(line 2). 1
2|3 LLM3} VLMO & S2% JHg 7|gto g 1x35le W
(1S F2 2K ine 3). Wefo] TR} HW 2% thigzt 2
PRI A LLME B AP 249 FH MG 5=
Sth(line 4). F2E P27 A =4S SE k7] fsh AP
24 4 69 7 Ui E 7129 O] B %
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3l}(line 5-11).

3.2 2] AlElS 913k Prompt engineering
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[Table 1] Prompt output according to context-based precondition
inference result in Fig. 1

Command Put the blue and green boxes into the bin
. red box, blue box, yellow box, green box, pink box,
Objects L-shaped tool, bin, table
Object on (red box, table), on (blue box, table), on (yellow

box, green box), on (green box, table), on (pink box,

lationshi
relationships table), on (L-shaped tool, table), on (bin, table)

in (blue box, bin), in (green box, bin), on (yellow
Goal state  |box, table), on (red box, table), on (pink box, table),
on (L-shaped tool, table), on (bin, table)

[Table 2] Primitives of the action library and prompt output
according to the task sequence mapped to the results of Table 1
and the primitives

pick (object), place (object, object), pull (object,

Acti imiti
ction primitive L-shape d tOOl)

1 | pick (blue box)
place (blue box, bin)

pick (yellow box)

Task sequence
place (yellow box, table)

pick (green box)

(=) IV T = N VS I S

place (green box, bin)
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[Fig. 2] Total framework for Task and Motion planning. Actions of High-level task sequence are mapped to motions and feasibility is
checked with motion planner in Low-level. If an action fails, feedback is sent to the High-level to request an alternative sequence
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[Algorithm 2] Prompt Engineering for Task Planning

Input: Natural language command #, Structured context C,
Precondition set P, Action library 4

Output: Executable task plan 74

1:  prompt.task < SUMMARIZE TASK(y, C, P)
2:  prompt.examples < FEW_SHOT(A4;)
3: 7w+~ LLM PLAN(prompt)
4: g9
5: forsinmydo
6: a<~—MAP_TO_ACTION(s, Ai»)
7 if not FEASIBILITY(a, C, P) then
8 prompt <
ADD CONSTRAINT FEEDBACK(prompt, a)
9: return PLAN_ WITH_PROMPTS(y, C, P, A;»)
10: end if
11: a~—PARAM BIND(g, C)
12: 7 s.append(a)
13: end for

14: return 7,4
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[Fig. 4] An example of a pulling action performed to move a box
located outside the robot’s workspace into the workspace. When
a failure occurs at the low level, the cause is re-reasoned at the
high level to regenerate the task plan
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[Table 3] Results of High-level output evaluation

GPT-4 GPT-40 GPT-4.5
Success rate 84% 87% 93%
Plan length 16.4 15.4 14.2
Response time 16.2s 3.4s 2.8s
[Table 4] Results of simulation experiment
GPT-4 GPT-40 GPT-4.5
Success rate 71% 79% 89%
Execution S/R 52% 70% 82%
Plan length 21.1 19.3 17.7
Replanning 3.7 2.8 2.7
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Appendix

B =Fof| A ARS-H Prompt= th3} T

Prompt to analyze context-based precondition inference

You are a robot task planner.

Analyze the following command and environment, and output in
the required format.

1. Objects: list all relevant objects.

2. Object relationships: describe spatial relations using predicates
on(obj1, obj2).

3. Goal state: describe desired state after execution using
predicates.

Always output in the following format:

Objects: [...]

Object relationships: [...]

Goal state: [...]

// for Few-Shot prompting

Example 1:

Command: Put the box into the bin.

Objects: box, bin, table

Object relationships: on(box, table), on(bin, table)
Goal state: in(box, bin), on(bin, table)

Example 2

Prompt to build task plan

Convert the following analyzed environment into a primitive
action sequence.

Only use the following primitives:

- pick(object)

- place(object, object)

- pull(object, L-shaped tool)

Output Format: Output actions only, one per line, no
explanations.

// for Few-Shot prompting

Example 1

Command: Put the box into the bin.

Objects: box, bin, table

Object relationships: on(box, table), on(bin, table)
Answer:

pick(box)

place(box, bin)

Example 2
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