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ChainBot: An Agent System for Autonomous Robotic Object
Manipulation by Dynamically Chaining Multiple Foundation Models
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Abstract: This paper proposes ChainBot, an agent system that autonomously plans and executes robotic object manipulation tasks
based on a user's natural language instructions by dynamically chaining multiple foundation models. The ChainBot system uses a
large language model (LLM) for effective task planning. To ensure the generation of correct task plans, the system enriches the
LLM prompt with useful context, including plan examples and domain-specific heuristic knowledge. Before execution, ChainBot also
uses a secondary LLM for pre-execution validation. If an error is detected, the system replans the task using the validation result
as feedback. During task execution, ChainBot employs a large multimodal model (LMM) to monitor the process for quick error
discovery and recovery. This is achieved by checking both the preconditions and postconditions of each action using real-time camera
images captured before and after execution. As a result, ChainBot achieves fully autonomous robotic manipulation without user intervention
when implemented as an agent system using the LangChain and LangGraph frameworks. Through various quantitative and qualitative
experiments, this paper demonstrates the superiority of ChainBot compared to conventional systems.
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Fig. 1. Conceptual representation of the proposed system.
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Table 2. Robotic manipulation task domains.

Task domains Put-blocks-in-bowls (PBB)

Stack-blocks (SB) Modified-PBB (MBB)

- o

Example initial
states

4~ d"

“Place each block into

the matching bowl.”

“Place the blocks in

clockwise order at each corner.”

Example user
instructions

“Stack the blocks bottom-to-top
as green block, yellow block,
pink block, blue block, red block”

“Place each block into a bowl

of a different color.”

“Stack the blocks vertically

with the red block at the bottom.”
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Fig. 2. Component modules of the ChainBot system.
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Table 3. An example of task plan.

<plan>

<sequence>

<apack>

<precondition>The red block is empty on top.
</precondition>

<precondition>The blue bowl is empty on top.
</precondition>

<action>robot.pick and place("red block", "blue bowl")
</action>

<postcondition>The red block is placed on top of the
blue bowl. </postcondition>

<postcondition>The blue bowl is not empty on top.
</postcondition>

</apack>

<apack>

<precondition>The blue block is empty on top.
</precondition>

<precondition>The red bowl is empty on top.
</precondition>

<action>robot.pick and place("blue block", "red bowl")
</action>

<postcondition>The blue block is placed on top of the
red bowl.</postcondition>

<postcondition>The red bowl is not empty on top.
</postcondition>

</apack>

</sequence>

</plan>




258 T

E 4 A A S AT AT o] B ZEZES] oA,

Table 4. An example of LLM prompt for task planning.

Your role is the task planner that should generate a
sequence of robotic manipluation actions to achieve the
user instruction from the given initial state. The robot is
assumed to be able to do only the pick and place action,
which picks up a block and then places it on another
block, a bowl, or one of the on-table locations.

Valid pick targets, place targets, and on-table locations are

as the followings:

pick targets: blocks

place targets: blocks, bowls, and on-table locations
in the environment

on-table locations: top left corner, top side, top right
corner, left side, right side, bottom left corner,
bottom side, bottom right corner

A task plan must be expressed in the following XML
format: {task plan_ format}

Explanation of the plan XML format:
{explanation_of plan xml format}

Now generate the plan for the current robot task.
The objects in the task environment: {found objects}
The initial state: {initial state descriptions}

The user instruction: {user instruction}

You can make use of the following additional information:
Example task plans: {plan _examples}
Domain heuristic rules: {domain_rules}
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Table 5. An example of LLM prompt for plan validation.

Your role is the plan validator ...
You should use the following information for plan validation:

1. The task planning problem
{task_planning_problem}

2. The task plan to be validated
{task plan}

3. Simulated state transitions
{simulated _state transitions}

4. Validation rules
{syntax_checking}
{semantics_checking}
{feasibility checking}

{task completion_checking}

You should show the validation results for each action
package <apack> of the task plan in the following format:

apack number

* Syntax: Correct/Wrong (+reason if Wrong)

* Semantics: Correct/Wrong (+reason if Wrong)
* Feasibility: Success/Failure (+reason if Wrong)

You should also summarize the final report of the plan
validation in the following format:

Final Report
- Syntax Check: Success/Failure (+ brief reasoning)
- Semantics Check: Success/Failure (+ brief reasoning)
- Feasibility Check: Success/Failure (+ brief reasoning)
- Task Completion: Success/Failure
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Table 6. some examples of plan validation rules.

1. Syntax checking

- Check if each action package <apack> contains three parts:
<precondition™>, <action>, <postcondition>.

- <action> has an exact one
robot.pick and place("pick_target","place target") action.

2. Semantics checking
- Check the correctness of the <precondition> and
<postcondition> statements in the following way.

- Exact two conditions must be included in <precondition>
statements:
® "The pick target is empty on top."
® "The place target is empty on top."

- Exact two conditions must be included in <postcondition>
statements:
® "The pick target is placed on top of the place target."
® "The place target is not empty on top.“

3. Feasibility checking

- Cheek the satisfiability of the <precondition> statements
based upon the Current State immediately before this <action>
in the State transitions.

- And then cheek the satisfiability of the <postcondition>
statements based upon the Current State immediately after
this <action> in the State transitions.

- <action> is feasible only if both the <precondition> and

<postcondition> statements are satisfied.

- If infeasible, mark Wrong and explain briefly why.

4. Task completion checking

- Check whether the overall task required by the user instruction
can be successfully accomplished if all actions in the given
plan will be executed from the first to the last.
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Table 7. An example of the plan validation result.

apack 1

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 2

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 3
* Syntax: Correct
* Semantics: Correct
* Feasibility: Wrong |
Place infeasible: yellow bowl is not empty on top.

Final Report

* Syntax Check: Success

* Semantics Check: Success

* Feasibility Check: Failure

* Task Completion: Failure |
Reason: The plan execution can be stopped due to
an infeasible action.

E 8 AAIEE A7 A o] B TFEEL] oA,
Table 8. An example of LLM prompt for task replanning.

You should re-plan the task for avoiding errors
using the plan validation results on the previous task plan.

Refer to the following information for replanning:

1. The task planning problem
{task_planning_problem}

2. The previous task plan
{task plan}

3. The validation results
{validation_results}
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E9. AR AN ALY T o7 FAE AT AU HEl g e
ZEZE AA]

Table 9. An example of LMM prompt for error detection during
task plan execution.

Your role is the run-time error detector which detects
incorrect states by checking its preconditions and
postconditions based on input camera images just before and
after the given action of a task plan is executed. ....

You should use the following information for error detection:

1. The action to be executed
{pick and place action}

2. The conditions of the action
{pre_or post conditions}

3. The camera image before or after the action execution
{camera_image}

Based on the camera image, you should check
the satisfiability of the given action conditions.

If you find any error state that do not satify the given
conditions, notify the error detection together with the natural
language descriptions of the current state in the following
format:

{error_detection_notification}

{error_state descriptions}

Otherwise, notify briefly the condition satisfaction in the
following format:
{condition _satisfaction notification}

® 10 B7AE HE A% A o] B IEZEL] oA,
Table 10. An example of LLM prompt for recovery planning.

Due to the following error detection during plan execution,
the task has stopped.
{error_detection_notification}

Therefore, you should re-plan the task starting from the error
state using the following information:

1. The original task planning problem
{task planning_problem}

2. The error state descriptions
{error_state descriptions}
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o A E(examples)Z 2+ =M1 72 A2 (domain heuristic
knowledge) 5% F7IE ESHAIZITE & 11L& AZ T E =&
ZE F9 A4S AEPS v A9 AY AgY Ag=
(plan correctness, PC)E Wl g A5 RoFET) A8 A=
POE= B8 A Alglo] Ad 2+ Al 8l (ground-truth task
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Table 11. Performance comparison between different prompt

contexts for task planning.

Prompt Contexts Task Domains

- Initial .

Objects. | gyape ||, Plan | Domain | ppg | s | MBB
ctions Des. Examples| Heuristics
O 90 20 30
O O 90 50 60
@) O 100 80 90
O O O 100 70 80
O O O 100 90 100
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EoAe HE A A AHEH FHEA AdH A2
< EEo|1 I o7 Al FYgol| I Bag 2V] H B
AHinitial state description)TFA] #|-&-3}4] ¢k wol = 90%2]
E2 A9 Ag=E YeEth A8 o 2, do|5r) 2
Y YE ChainBot 2] 2 Al A9 =wQlE A3

S ZExE Eud s AlFgshe Aol AlY AE=
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Al HA 23L& ChainBot Al2=Elo] 2 AlE A8 Fofl 4=
Y= 5/ A(error detection) T E-THrecovery) W12l A
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Table 12. Performance comparison between different plan

validation methods.
Plan Validation Task Domains
Syntax | Semantics| Feasibility|Completion|
Check | Check | Check | Check | PBB | SB | MBB
O 90 50 60
O O 90 50 60
O O O 100 60 80
O O O O 100 90 90

ChainBot A|Z=Rlol A= 2 Al AsY Fofl AARE 24 %
g FdE EdE AY W 7 359 F27(precondition) S
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Table 13. Performance comparison between different error

detection and recovery methods during plan execution.

Error Detection Recovery Task Domains
Precondition| Postcondition
Check Check ReDo |RePlan| PBB SB MBB
60 60 50
O 70 60 40
80 70 80
80 80 100
O 80 80 80
O O 100 100 100




AN girere A, E B A 2 meden
AA 2ABAZ} SHHE Y ADEL AP A3
7) gl A2 Ul 2 5ol 49 Avg Y5 FEA
AN 2 A]1e) HES mAs] Solsithe A 5ol

A A(ReDO) T A HRePlan) 25 B WS 7he] 4

HlsL8) 5, A5 0.2 ChainBot A28} o] 24718
B 0F BT PAS A8W AT AUBE 48T 4
2 BolE Z1E AT ok
Jado] Y AL wEslel R/ ALY TFeH
ek, AAHE OF FHold e el Al Ag

off flo

ol
A
=
02(:"
off
Lo
)
N
R
=
s
~
>
ol
rir
to
=i
ot
R
%

2] 79,
A A2 7} g5 A3 du A ARE A el
g ¢ Qo= A3 gEo) GPT-5 716k oF &x] 2E3}
Gemini-2.0 715+e] A8 REx A2 o7 ZA 5= 4
2ol Bz oF 9 AAE 07 To] L IS FolA
MBB =]l 2GSl tis|M = AAE oF B wale] &
A BFTEC] 40%= AAHY 7 BT PAHG 25 U] W

A& BAFUTE o] AHE T35, ChainBot Al 2=Ele]|
Al QgAY A8 F g5 AxdH 20 AAE B3
S F & A AAGE o]83 F B 2o oA
< 1T 4 Yk

U AR A AP (1) 5 59 ARE o] 83 Ay
A8 A4 (task planning with rich contexts) &, (2) g A3
A A 353 AA Y (plan validation and replannig) &, (3)
2ty Al F @F BA| 9} E-error detection and recovery) &
E % ChainBot A|2=81¢] 3 71A] 4] 7]& REES AZ o
2A 7% N="E] Ass HlusE RN, 7t B0
A ol mAE EHE BAsEE AFolth o] Add
AlE 149 Zo] Zg AlY A BEoA HEY £ A
RBE o]&alx| && ¥Rt ol 2y A A A AFH
WA mES, A AY T oF gAY 5 ZER 238}
A e A WA A ="le BeE 236, F 4 7R AR o
2 2EF 7A4S 7R A2"E] HF 2 A F-E(success,
SR)S Hlwsll ot o & 139 AFH APE wjo} vzt
A2, o] ARAME A A APAlol AAZHA &7 T4
E5 012 At A3t = o] ARPoME B AYE
of thall 7z 2] & 2 A3 A Alg AFolA 7 LA
AAGL] AT AT, 4 A4 F 27 BA Al 57 A=
s 247 Al 332 Algkete] Aggith

E 149 A AHES A RH, J4IUE ChainBot Al
2®H3 o] 3 714 A Ve REES BT 85 AlE
2] 7397} PBB, SB, MBB =H|IEZ Z}Z} 100%, 80%, 90%
2 7P =& AG AFES HojE o] 9= 3 7kA] 4l
71& REES A9 H&skA] &S A dA A"l A9}

N =3

Jd

el 22 X ZF MIOIME AIAH” 263

® 14 AZRGEAZE TAHE T ds Hlal

Table 14. Performance comparison between different system

configurations.
PlTask Plan  |Error Detection Task Domains
A0S Walidation & &
with Rich .
Contexts Replanning |  Recovery PBB SB | MBB
50 20 40
O 50 40 60
O @) 70 50 60
O @) O 100 80 90

HEE w ZF =HPEE 100%(100-50)/50 = 100%, 100*
(80-20)/20 = 300%, 100*(90-40)/40 = 125%2] & 5 F =
e Aol

= 8 ATellA Ajket ZF A
2} 7t ZrRle] B AFEL AAHeRE 234 SV A
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= A8 AL 93 B Frot A el B =e0] H
A 5331, A AlFe] dolrt At o & 11 MBBS}F SB &
HRldAE AY AE5H AAY 2Ee] tE RS g
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Table 15. Performance comparison between different large
language models for task planning.

Task Domains
Large Language Models PBB SB VBB
Llama3.1-8b-instruct 60 20 10
Gemini-2.0 100 100 80
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Table 16. Performance comparison between vision models for

workspace object detections.

Task Domains
PBB SB MBB

ViLD 56.33 | 3932 | 48.04
Gemini-2.5 Flash 92.12 | 97.01 | 89.05

Object Detection Models

E 17 4 BAF A4S 9@ AN BeRY 59 2
45 HlaL

Table 17. Performance comparison between large multimodal
models for state description generation.

Flash¢} B5-& vlusinm, 2ty 38 AdE 2459 3
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Table 18. Performance comparison between vision-language
models for error detection during plan execution.

Test Domains

Vison-Language Models

. Task Domains PBB | SB | MBB

Large Multimodal Model
1Be MANmOCE Vdes PBB | SB | MBB InstructBlip-Vicuna-7b 53.16 | 5657 | 53.52
Gemini-2.5 Flash 9428 | 8140 | 71.79 Liava-Llama-3-8b 7532 | 7273 | 7465
GPT-5 100.00 | 93.02 | 82.05 GPT-5 8481 | 86.54 | 8591
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A AHEE 3E 19 (@)9F 22 27] AdEldlA Al&ste] ARgAe]
ApAo] R A] “Stack the blocks bottom-to-top as brown block,
yellow block, cyan block, and green block.”& $5~3lloF 3}=

=l Age] shitoltt

ChainBot A2~¥19] X—}%‘ A8 AE717F A2 BT
A AFL 320 (@2 23, o] Aol tial AlY AETe &
20 (b)<k #Zo] ©] ﬁ]Q_EE AREAF AANE BT 4 glokar
(task complettion: failure) T3t 12} AAE A& P
O 2H %20 (o) 22 AAE AAE AUk AR o] A

A AdrbA s 20 (d)o 2o) 24 A8 AS AAoNA 5
HA] 35 robot.pick and place(“green block”, “brown block”)2]
7127 (precondition)] “The brown block is empty on top.”®]
W= A B A3 Bl s(feasibility: wrong)dtthE S
o

H

¥ 19. ChainBot A|2=812] A2 7} A A
Table 19. Qualitative analysis of ChainBot system: case A.

(a) The initial state.

“Stack the blocks bottom-to-top as brown block, yellow
block, cyan block, and green bloc

(b) User instruction.

E 20 AL AY A, ASTHAAL A A
Table 20. Task planning, validation and replanning: case A.

<plan>
<sequence>

<apack>
<precondition>The yellow block is empty on top.</preconditions
<precondition>The top left corner is empty on top.</precondition>
<actionsrobot.pick_and_place("yellow block”, "top left corner”)</actions>
<postconditionsThe yellow block is placed on top of the top left corner.</postconditions
<postconditionsThe top left corner is not empty on top.</postconditions

<[apack>

<apacks>
<precondition>The cyan block is empty on top.</precondition>
<precondition>The green block s empty on top.</preconditions
<actionsrobot.pick_and_place("cyan block”, "green block")<faction>
<postconditionsThe cyan block is placed on top of the green block.</postcondition>
<postcondition>The green block is not empty on top.</postconditions

«<[apack»

<apacks
<precondition>The yellow block is empty on top.</preconditions
<precondition>The brown block is empty on top.</precondition>
<actlonsrobot.plck_and place("yellow block”™, "brown block")</actions
<postconditionaThe yellow block is placed on top of the brown block.</postconditions
<postconditionsThe brown block is not empty on top.</postconditions

<[apack>

<apack>
<precondition>The cyan block is empty on top.</preconditions
<precondition>The yellow block is empty on top.</preconditions
<action>robot.pick_and_place("cyan block®, "yellow block™)<jaction>
<postcondition>The cyan block is placed on top of the yellow block.</postconditions
<postcondition>The yellow block is not empty on top.</postcondition>

<[apacks>

</sequence>
</plan>

(a) The initial task plan.

validation result: apack 1
* Syntax: Correct

* Semantiecs: Correct

* Feasibility: Correct

apack 2

* syntax: Correct

* Semantics: Correct

* Feasibility: Correct

apack 3

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 4

* syntax: Correct

* Semantics: Correct
* Feasibility: Correct

Final Report

- Syntax Check: Success

- Semantics Check: Success

- Feasibility Check: Success

Task CompTeton: Fatlore

The user instruction is to stack blocks in the order brown, yellow, cyan, green from
bottom to top.

The final stack is brown, yellow, cyan. The green block is not on the stack.

(b) The result of the first plan validation.

plan>
<sequences

«apack»
epreconditionsThe yellow block is empty on top.</preconditicn>
<precondition=The top left corner is empty on top.</preconditions
<action=robot.plek_and_place("yellow block®™, "top left corner”)</actions
<postconditionaThe yellow block s placed on top of the top left corner.</postconditions
<postconditionaThe top left corner is not empty on top.</postconditions

<[apack>

<apack>
<preconditionsThe cyan block is empty on top.</preconditions=
eprecondition=The green block is empty on top.</preconditions
<action=robot.pick_and_place("cyan block", “green block")</actions
<posteonditionsThe eyan block s placed on top of the green block.</posteonditions
<postconditionsThe green block is not empty on top.</postconditions

«fapack»

<apacks
spreconditionsThe yellow block is empty on top.</precondition>
epreconditionsThe brown block is empty on top.</preconditions
<actionsrobot.plek_and_place("yellow block®, "brown block®)</action>
<postconditionaThe yellow block is placed on top of the brown block.</postconditions
<postconditionsThe brown block is not empty on top.</postcondition»

<fapack>

<apacks
<precondition>The cyan block is empty on top.«</preconditions
<precondition=The yellow block is empty on top.</precondition>
<actlon=robot.plck_and_place("cyan block", "yellow block")</actions
<postconditionaThe cyan block is placed on top of the yellow block.</postconditions
<posteonditionsThe yellow block is not empty on top.</postconditions

<fapack>

capacks
eprecondition=The green block is empty on top.</preconditions
<precondition=The brown block s empty on top.</precondition>
<actionsrobot.plek_and_place("green block®, "brown block®)</actions
<posteonditionsThe green block is placed on top of the brown block.</pestcondition>
«<postcondition=The brown block is not empty on top.</postconditions

</apack=>

</sequence>
[plan

(c) The result of the first replanning.
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validation result:
* Syntax: Correct
* Semantics: Correct
* Feasibility: Correct

apack 1

apack 2

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 3

* syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 4

* Syntax: Correct

* semantics: Correct
* Feasibility: Correct

apack 5

* Syntax: Correct

* Semantics: Correct

* Feasibility: Wrong (Reason: The brown block is not empty on top in the current state.)

Final Report

- Syntax Check: Success (ALl apacks have correct syntax.)

- Semantics Check: Success (ALl apacks have correct semantics.)

- Feasibility Check: Failure (apack 5 is infeasible.)

- Task Completion: Failure (The final stack s [brown block, yellow block, cyan block] on the table,
and the green block {s also on the table. The goal stack is [brown block, yellow block, cyan block,

green block]. The green block is not on top of the cyan block.)

(d) The result of the second plan validation.

<plan>
<sequence>

<apack>
<precondition>The yellow block is empty on top.</precondition»
<precondition>The top left corner is empty on top.</precondition»
<action=robot.pick_and_place("yellow block™, "top left corner®)«/action=
<postcondition>The yellow block is placed on top of the top left corner.</postcondition»
<postcondition=The top left corner is not empty on top.</postcondition=

<fapack>

<apack=
<precondition>The cyan block is empty on top.</precondition=
<precondition>The green block is empty on top.</precondition=
<action=robot.pick_and_place("cyan block®, "green block”)</action>
<postcondition=The cyan block is placed on top of the green block.</postconditions
<postcondition=The green block is not empty on top.</postcondition»

«fapacks

<apack=
<precondition>The yellow block is empty on top.</precondition=
<precendition>The brown block is enpty on top.</precondition=
<action=robot.pick_and_place("yellow block®™, "brown block™)<faction»
<postconditionsThe yellow block is placed on top of the brown block.«/postconditions
<postcondition=The brown block is not empty on top.</postcondition»

«fapacks

«apack»
<precondition>The cyan block is empty on top.</precondition=
<precondition>The yellow block is empty on top.</precondition=
<action=robot.pick_and_place("cyan bleck”, "yellow block”)</action>
<postcondition=The cyan block is placed on top of the yellow block.</postcondition»
<postcondition=The yellow block is not empty on top.</postcondition»

<fapacks

<apack»
<precondition=The green block is empty on top.</precondition=
<precondition>The cyan block is empty on top.</precondition=
<action>robot.pick_and_place("green block®, "cyan block")</action>
<postcondition>The green block is placed on top of the cyan block.</postcondition=
<postcondition=The cyan block is not empty en tep.</postcondition»

«fapacks

</sequence>
</plan>

(e) The result of the second replanning.

validation result:
* Syntax: Correct
* Semantics: Correct
* Feasibility: Correct

apack 1

apack 2

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 3

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 4

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

apack 5

* Syntax: Correct

* Semantics: Correct
* Feasibility: Correct

Final Report

- Syntax Check: Success

- Semantics Check: Success

- Feasibility Check: Success

- Task Completion: Success

The final stack is [brown block, yellow block, cyan block, green block].
The target stack is [brown block, yellow block, cyan block, green block].
The order of the blocks in the final stack matches the target stack.

(f) The result of the third plan validation.

ol =M EYE thA| 2 AAIE S T AT, F 20
(0% 22 AAE A= AT} 1P Al o]oA XI3H 3}
A AT FgolA E 20 (HeF 2ol o] A8 AFS AF
7Tt o2 (feasibility check: success), AHEAF A A=
24 7Fs%Htask completion: success) SHIE AlFo= HF
o2 2 Al dd GAR Eojsith BAE ¥A
T olgA 27]d ZEE A4 AgES AH A=
ChainBot A|2=¥19] AlY AFH A 75 B3l HTH
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Table 21. Error detection during task plan execution: case A.

Pick the cyan biock and place it on the green block.

100

200

0

Before

100 A

200 A 0

0 200 0 200

(a) Action failure during task execution.

=== GPT raw output (step:2,
Checked conditions:
- The cyan block is placed on top of the green block.
- The green block Ls not empty on top.

label:post) ===

Hodel sutput:
fail

degcription:
| the cyan Block is placed on top of the brown block. ]
the cyan Dlock 15 emply on Top.
the brewn block 1s placed on top of the table.
the brewn block is mot empry on Top.
the green block 12 placed on top of the table.
the green block 15 empty on top.

the yellew block is empty on top.

(b) Error detection by GPT-5.




L0

ChainBot: J| X

-
B

22. A A8 Ad Fo] &F Bk Al A
Table 22. Error recovery during task plan execution: case A.

<plan>
<sequence>

<apack>
<precondition>The cyan block is empty on top.</precondition>
<precondition>The green block is empty on top.</precondition>
<action>robot.pick_and_place("cyan block", "green block")</action>
<postconditionsThe cyan block is placed on top of the green block.</postcondition>
<postcondition>The green block is not empty on top.</postcondition>

<[apack>

<apack>
<precondition>The yellow block is empty on top.</precondition>
<precondition>The brown block is empty on top.</precondition>
<actionsrobot.pick_and_place(“yellow block”, "brown block")</action>
<postcondition>The yellow block s placed on top of the brown block.</postcondition>
<postcondition>The brown block is not empty on top.</postcondition>

</apacks

<apack>
<precondition>The cyan block is empty on top.</precondition>
<precondition>The yellow block is empty on top.</precondition>
<action>robot.pick_and_place("cyan block”, "yellow block")</action>
<postcondition>The cyan block is placed on top of the yellow block.</postcondition>
<postcondition>The yellow block s not empty on top.</postcondition>

</apack>

<apacks
<precondition>The green block is empty on top.</precondition»
<precondition>The cyan block is empty on top.</precondition>
<actionsrobot.pick_and_place("green block”, "cyan block”)</actions
<postcondition>The green block is placed on top of the cyan block.</postcondition>
<postconditionsThe cyan block is not empty on top.</postconditions

<[apack>

</sequence>
<[plan>

(a) The recovery plan.

Pick the green block and place it on the cyan block.

100 L
..
200
0 200
o Before o After
b { J h J
100 100 -
200 A 0

200

200

0

(b) The final action execution.
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Table 23. Qualitative analysis of ChainBot system: case B.

(a) The initial state.

"Place each block into the matching bowl."

(b) User instruction.

-
3t
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Table 24. Error detection during task plan execution: case B.

d

(a) The state after the first action has been done successfully.

=== GPT raw output (step:1, labelpost)
Checked conditions:
- The purple block is placed on top of the purple bowl.

- The purple bowl is not empty on top.

Model output:
fail

description
the blue block is placed on top of the table
the blue block is empty on top.
the red block is placed on top of the table.
the red block is empty on top.
the yellow block is placed on top of the table.
the yellow block is empty on top.

| The purple block 15 placed on top of the table.
the oot brock s ety o top:
the blue bowl is placed on top of the table.
the blus bowl is empty on top.
the red bowl is placed on top of the table.
the red bowl is empty on top.
the yellow bowl is placed on top of the table.
the yellow bowl is empty on top.

the purple bowl is empty on top.

(b) Error detection by GPT-5.
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