




(a) CabinetBlocked task with different block colour
(b) CabinetBlocked task with different cabinet location
and different block colour

Fig. IV.3

APPENDIX V
ERROR EVALUATION

Here we provide three error cases of REPLAN and their analyses.
Case 1 (from Cabinet-Blocked , Figure V.1(a)) – The robot tried to open the cabinet door but failed and the Perceiver
gave a correct diagnosis to remove the bar from the handle. However, when generating the reward functions to remove the
bar, the LLM selected the wrong primary reward function, as demonstrated below:
reset_reward()
minimize_l2_distance_reward("palm", "red_block_right_side", primary_reward=True)
maximize_l2_distance_reward("red_block_right_side", "target_position_in_cabinet")
execute_plan()

The correct primary function should be the second one. As a result, MPC ended prematurely before the robot could remove
the bar. The robot was not able to remove the bar in the following steps.
Case 2 (from Kitchen-Explore , Figure V.1(b))) – The robot tried to open the microwave door but failed due to a kettle
obstructing the path. The Perceiver gave five diagnoses, of which three claimed that the kettle was blocking the way, one
claimed the cabinet door was blocking the way, and one did not give any conclusive diagnosis. The summary LLM concluded
that it was the cabinet door that blocked the action. The robot went on to interact with the cabinet and never removed the
kettle.
Case 3 (from TwoCube-Color , Figure V.1(c))) – The high-level planner proposed a plan where the first step was “Identify
the cube with the same colour as the crate”. This was a VLM action. However, the LLM proposed to ask the VLM “Which
cube has the same colour?”, which was a bit vague, resulting in the VLM answering “The same color cube is the yellow
cube and the yellow cube in the middle of the blue cube group.”. This answer did not provide the necessary information to
solve the task. Eventually, the robot put the wrong cube on the crate.
Case 4 (from TwoCube-Blocked , Figure V.1(d))) – After the robot was not able to execute the task “Place the red cube
on the crate", the Perceiver was called to help identify any issues. The Perceiver’s diagnoses all mentioned that the robot was
holding the red cube but did not identify the yellow cube as blocking the crate, and so the Planner’s summary of the VLMs
diagnoses was: “Based on the given information, the most probable reason why the robot cannot place the red_cube on the
crate is because it is currently holding the red cube." However, it’s also important to note that TwoCube-Blocked used
GPT-4V which severly limits the number of ouput tokens from the model, and so a lot of explanations were cut off (for
example: “In the image provided, the robot is holding the red cube, which is currently").
A. LLM Diagnosis with Ground-truth Data

An alternative way to diagnose errors is to input the simulator ground-truth state of the objects to an LLM and ask the LLM
to infer a possible reason. We show a scenario here where the cabinet door is locked by a red bar (from Cabinet-Blocked)
and test the capability of LLM in this regard. The prompt we use is:
A robot is in a simulation environment where it can interact with any object like in the real world. The robot
would like to open the wooden cabinet but it cannot. Is there something in this scene preventing that, other
than the robot? Assume the robot can interact with anything. These are the names of the objects in our scene:
wooden cabinet, red block, yellow cube.

The data of the objects are:
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Fig. V.1: Examples of error cases that occurred in REPLAN include a) failure to remove the bar due to incorrect reward generation
(CabinetBlocked); b) failure to identify the reason for the inability to open the microwave door (KitchenExplore); c) vague VLM question
about object attributes resulting in incorrect cube selection (CubesColor); d) failure to identify why the robot could not place the red cube
in the crate (CubesBlocked).

{
"joints": {

"wooden_cabinet": 0.16235716765387215
},
"objects": {

"wooden_cabinet_handle": [0.08292539, 0.50163332, 0.21],
"target_position_in_wooden_cabinet": [0.2, 0.85, 0.0775],
"red_block_right_side": [0.2158331, 0.55110136, 0.15143364],
"yellow_cube": [-0.24545329, 0.01631876, 0.03599184],
"palm": [0.2231031, -0.00875834, 0.76900653]

}
}

And the response from GPT-4 is:
The data does not indicate any object that would prevent the robot from opening the cabinet. There’s no
information about any object blocking the cabinet or its handle. The problem could be due to the robot itself as
it might not possess the necessary functionality to interact with the objects as intended. The cabinet’s joint
also has a non-zero value, which might mean it’s not locked or stuck. Hence, there is likely a mechanical
limitation with the robot or an issue with its programming.

This example demonstrates that LLM is not capable of directly inferring spatial relations of objects through ground-truth
data.

APPENDIX VI
ADDITIONAL EXPERIMENTS

A. VLM Ablation
We conduct a VLM ablation study for Tasks 3-4 using two open-source models (Qwen-VL-Chat7B [32] and Llava-1.5-

7B [54]) and GPT-4V5. The results are shown in Table IV. We measure (a) their ability to recognize objects, reported as a
percentage of the number of object successfully detected in the scene (column 2), (b) their ability to reason about obstacles
in the scene, reported as a percentage of times the correct reason was identified out of all the prompts it was given in
Figure III.10, and (c) the ability for the LLM to consilidate the outputs in (b) into a single summary reason of why the
robot cannot perform an action given its knowledge about the scene. We found that Qwen somtimes struggled with object
detection of smaller objects, and so we coupled it with Segment Anything Model (SAM) [55] to first segment the objects
in the scene. We found that all models did well with object recognition (except for Qwen when not used with SAM). For
object reasoning, Qwen + SAM was able to get the correct scene error in 50-67% of the prompts it was given, and then the
LLM was able to summarize the prompts to generate the correct error reason overall. The reason the LLM was able to do
this despite the VLM not giving perfect answers was that the remaining VLM answers pertained where the robot was located
or a general comment about the objects in the scene. Llava tended to reply that it was unable to reason because the scene
was a simulation and not real life. GPT-4V had the best overall performance in all categories, but API calls to it are still
restricted. All ablations were repeated over 5 runs.
B. GPT-4V Experiments

We run the initial High-Level Planner prompt (Prompt III.3) using GPT-4V6 on initial task scenes to investigate the ability
of GPT-4V to find the correct solution in a single step.

5https://openai.com/research/gpt-4
6https://openai.com/research/gpt-4v-system-card



Models

Scenarios Qwen + SAM Qwen Llava GPT-4V

VLM object detection 100% 66% 100% 100%

VLM Reasoning 67% 0% 23% 100%

LLM summarization and consistency step 100% 0% 100% 100%

(a) Cabinet-Blocked

Models

Scenarios Qwen + SAM Qwen Llava GPT-4V

VLM object detection 100% 100% 100% 100%

VLM Reasoning 50% 66% 40% 83%

LLM summarization and consistency step 100% 100% 20% 100%

(b) Kitchen-Explore

TABLE IV: VLM ablation study.



(a) Prompt III.3 to GPT-4V.

(b) GPT-4V output.

Fig. VI.1: GPT-4V high-level plan for moving the yellow cube inside the wooden cabinet (Cabinet-Blocked in Section II-A).



(a) Prompt III.3 to GPT-4V.

(b) GPT-4V output.

Fig. VI.2: GPT-4V high-level plan for placing the cube with the same color as the crate on the crate (TwoCube-Color in Section II-D).



Even using GPT-4V as an oracle does not always work. In Figure VI.3, we show a failure case where it is unable to
detect that a block is obstructing the cabinet.

Fig. VI.3: Prompt to GPT-4V about obstructions in scene.

C. Proactive prompting

Instead of only engaging the VLM Perceiver when an action fails, we experiment with proactively querying the VLM
to determine if there exist any obstacles before task execution since proactively finding obstacles is more efficient than
identifying them in retrospect. To investigate this, we enabled REPLAN to take cropped images of any objects involved in a
given subtask and queried the VLM Perceiver:

A robot is about to perform the action ’{0}’. Is there anything preventing the robot from doing this action?
The names of the object in the scene are: {1}. Start your answer with yes or no. Ignore anything related to the
robot.

Fig. VI.4: Perceiver prompt on proactively identifying scene obstacles.

We intergrated this step into REPLAN and evaluated it on two tasks: CabinetBlocked and KitchenExplore, running each
task 5 times. For CabinetBlocked, REPLAN was able to proactively identify the block obstructing the cabinet 3/5 times. For
KitchenExplore, REPLAN what able to proactively identify the kettle obstructing the microwave 2/5 times.

We speculate that this is because the question is very general and the VLM might not know what to look for: identifying
all types of prevention methods is intractable (it was shown in DoReMi [12] that an LLM asks limited precondition queries)
and also the VLM might not know if something is an obstacle or not until after the robot interacts with the object in question.
However, once the robot attempts the action and fails, the VLM has more context because it knows that the task failed. In



light of these results, we believe that incorporating both proactive querying and replanning makes the system more robust:
if the preconditions are not caught, the replanning system still exists to make sure the system is robust and the robot can
recover from unexpected obstacles.

Below are sample VLM responses. The first response is a success case where it correctly identified the obstruction
proactively, while the second case is where it was not able to:

[SUCCESS CASE]
Q: A robot is about to perform the action ’Open the wooden cabinet’. Is there anything preventing the robot from doing this
action? The names of the object in the scene are: wooden cabinet, yellow cube, red block. Start your answer with yes or no.
Ignore anything related to the robot.
A: Yes, there is a red block that appears to be wedged between the two handles of the wooden cabinet, which would prevent
the doors from being opened without first removing the block.

[FAILURE CASE]
Q: A robot is about to perform the action ’Open the wooden cabinet’. Is there anything preventing the robot from doing this
action? The names of the object in the scene are: wooden cabinet, yellow cube, red block. Start your answer with yes or no.
Ignore anything related to the robot.
A: No, there is nothing preventing the robot from opening the wooden cabinet based on the objects named in the scene. The
yellow cube and red block do not appear to be obstructing the cabinet doors.
D. Comparison with existing methods

While prior methods appear general in their framing, they have only been experimentally evaluated on tasks that are easy
to solve: those tasks require fewer steps, provide full state or privileged information, necessitate human involvement, and/or
do not require complex multi-stage reasoning. We compare how the CabinetBlocked and CabinetLocked tasks are solved by
REPLAN, as well as Inner Monologue [15], SayCan [14], DROC [13], and LLM-POP [16].



TABLE V: Plan comparisons of various methods for cabinet-opening step in CabinetBlocked task. Note that we speculate the plans for
Inner Monologue, SayCan, and DROC based on the framework descriptions from their papers.

REPLAN Inner
Monologue [15]

SayCan [14] DROC [13] LLM-POP [16]

(1) Can I open the
door? No.
(2) REPLAN.Planner
engages
REPLAN.Perceiver
to ask for possible
reasons
(3)
REPLAN.Perceiver:

“There is a red block
blocking the cabinet
handles."
(4) REPLAN.Planner
generates plan for
removing the block.

Can I open the
door? No.
Maybe my low-level
skill was wrong, I
will select a new
skill and try to open
the door again, or I
will get information
from a human about
how to solve the
task.

Can I open the
door? No.
If I was told that the
task failed and I
have a value function
for “Remove the red
block" in my
database, maybe I
would plan to
remove the red block.

Can I open the
door? No.
If I have previously
seen a similar task I
can use information
from my knowledge
base; else I need a
human to correct me.

Can I open the
door? No.
Output from GPT-4
based on prompt in
Appendix A.1 in
[16]: FAIL Task is
not finished. Based
on the [History], the
force sensor readings
indicate the cabinet
door is not open,
suggesting the action
to open the cabinet
failed. This failure
might be due to
insufficient force
applied or improper
alignment of the
gripper relative to
the cabinet handle.
Adjusting the force
or the gripper’s pose
could potentially
resolve the issue.
(Note that even if
replacing force
sensors with
perception sensor,
the perception sensor
does not provide
causal information).



TABLE VI: Plan comparisons of various methods for cabinet-opening step in CabinetLock task. Note that we speculate the plans for
Inner Monologue, SayCan, and DROC based on the framework descriptions from their papers.

REPLAN Inner
Monologue [15]

SayCan [14] DROC [13] LLM-POP [16]

(1) Can I open the
door? No.
(2) REPLAN.Planner
engages
REPLAN.Perceiver
to ask for possible
reasons
(3)
REPLAN.Perceiver:

“There is nothing
obstructing the
cabinet."
(4)
REPLAN.Planner:
Maybe the door is
locked, I will pull
the lever first and
then try to open the
door again.

Can I open the
door? No.
Maybe my low-level
skill was wrong, I
will select a new
skill and try to open
the cabinet again, or
I will get information
from a human about
how to solve the
task.

Can I open the
door? No.
If I was told that the
task failed and I
have a value function
for “Pull the lever"
in my database,
maybe I would plan
to pull the lever.

Can I open the
door? No.
If I have previously
seen a similar task, I
can use information
from my knowledge
base; else I need a
human to correct me.

Can I open the
door? No.
Output from GPT-4
based on prompt in
Appendix A.1 in
[16]: FAIL Task is
not finished. Based
on the [History], the
force sensor readings
indicate the cabinet
door is not open,
suggesting the action
to open the cabinet
failed. This failure
might be due to
insufficient force
applied or improper
alignment of the
gripper relative to
the cabinet handle.
Adjusting the force
or the gripper’s pose
could potentially
resolve the issue.
(Note that even if
replacing force
sensors with
perception sensor,
the planner still did
not reason to
interact with the
lever even though it
was provided as an
object in the Task
Description.)



E. Comparison with TAMP Experiments
To compare the REPLAN with a TAMP framework, we use Planning Domain Definition Language (PDDL) [56] to define

the domain of Cabinet Tasks 1-3 in Table II-D in Section II as follows:
1 (define (domain pick-place-domain)
2 (:requirements :strips :typing :negative-preconditions :conditional-effects)
3

4 ;; Define the object and its possible locations
5 (:types
6 object
7 location
8 conf
9 robot

10 door cabinet cube block - object
11 area
12 remove_area cabinet_area - area
13

14 )
15 ;; define constants
16 (:constants
17 cube_loc cabinet_loc block_loc remove_loc init_loc door_loc open_door_loc - location
18 init_conf robot_conf_cube robot_conf_block robot_conf_cabinet robot_conf_remove robot_conf_door

open_door_conf - conf
19 robot - robot
20 door - door
21 cabinet - cabinet
22 cube - cube
23 block - block
24 remove_area - remove_area
25 cabinet_area - cabinet_area
26 )
27

28 ;; Define predicates
29 (:predicates
30 (at ?obj - object ?loc - location) ; the Object at location loc
31 (grasped ?obj -object) ; the object is grasped
32 (at_conf ?conf -conf) ; the robot is at conf configuration
33 (rob_at_loc ?loc -location) ; the robot is location loc
34 (is_free ?rob - robot) ; the robot hand is free
35 (in ?loc -location ?area -area) ; sampling and certifying the loc location is inside an area type
36 (is_closed ?door - door) ; the door is closed
37 (is_blocked ?door) ; the door is blocked
38 (is_moveable ?init_conf -conf ?final_loc -location ?final_conf - conf)
39 ; certifying the robot can move from the initial condition to the goal location/pose with the sampled final

configuration
40

41 )
42

43 ;; Define actions
44 (:action remove
45 :parameters (?block - block ?door - door ?rob - robot ?init_conf ?final_conf - conf ?init_loc ?final_loc -

location)
46 :precondition (and
47 (is_blocked ?door)
48 (grasped ?block)
49 (not (is_free ?rob))
50 (at_conf ?init_conf )
51 (at ?block ?init_loc)
52 (rob_at_loc ?init_loc)
53 (in ?final_loc remove_area)
54 (is_moveable ?init_conf ?final_loc ?final_conf )
55 )
56 :effect (and
57 (rob_at_loc ?final_loc )
58 (not (rob_at_loc ?init_loc))
59 (at ?block ?final_loc)
60 (at_conf ?final_conf )
61 (is_free ?rob)
62 (not (grasped ?block))
63 (not (is_blocked ?door))
64 (not (at_conf ?init_conf ))
65 )
66 )
67

68 (:action place
69 :parameters (?cube - cube ?door - door ?rob - robot ?init_conf ?final_conf - conf ?init_loc ?final_loc -

location)
70 :precondition (and
71 (not (is_closed ?door))
72 (not (is_blocked ?door))
73 (grasped ?cube)
74 (not (is_free ?rob))
75 (at_conf ?init_conf )
76 (at ?cube ?init_loc)



77 (rob_at_loc ?init_loc)
78 (in ?final_loc cabinet_area)
79 (is_moveable ?init_conf ?final_loc ?final_conf )
80 )
81 :effect (and
82 (rob_at_loc ?final_loc )
83 (at ?cube ?final_loc)
84 (at_conf ?final_conf )
85 (not (at_conf ?init_conf ))
86 (is_free ?rob)
87 (not (grasped ?cube))
88 )
89 )
90

91

92 (:action pick
93 :parameters (?init_conf ?final_conf -conf ?obj - object ?loc - location ?rob -robot)
94 :precondition (and
95 (at_conf ?init_conf )
96 (at ?obj ?loc)
97 (is_free ?rob )
98 (is_moveable ?init_conf ?loc ?final_conf )
99 )

100 :effect (and
101 (at_conf ?final_conf)
102 (not (at_conf ?init_conf))
103 (rob_at_loc ?loc)
104 (not (is_free ?rob))
105 (grasped ?obj)
106 )
107 )
108

109 (:action open
110 :parameters (?init_conf -conf ?door -door ?rob -robot )
111 :precondition (and
112 (is_closed ?door)
113 (not (is_blocked ?door))
114 (grasped ?door)
115 (not (is_free ?rob))
116 (at_conf ?init_conf )
117 (is_moveable ?init_conf open_door_loc open_door_conf )
118 )
119 :effect (and
120 (not (is_closed ?door))
121 (not (grasped ?door))
122 (is_free ?rob)
123 (not (at_conf ?init_conf ))
124 (at_conf open_door_conf)
125 (rob_at_loc open_door_loc)
126 (at door open_door_loc)
127 )
128 )
129

130 (:action is_moveable_cube
131 :parameters ()
132 :precondition (and
133 (not (is_closed door))
134 (not (is_blocked door))
135 )
136 :effect (is_moveable robot_conf_cube cabinet_loc robot_conf_cabinet)
137 )
138

139 )

Snippet 1: PDDL domain definition for Tasks 1-3.



Tasks 1-3 problem definition are written as follows:

1

2 (define (problem pick-place-problem)
3 (:domain pick-place-domain)
4

5 ;; Define objects
6 (:objects
7

8 )
9

10 ;; Define initial state
11 (:init
12 (at cube cube_loc)
13 (at door door_loc)
14 (at block block_loc)
15 (at_conf init_conf)
16 (rob_at_loc init_loc)
17 (in remove_loc remove_area)
18 (in cabinet_loc cabinet_area)
19 (is_free robot)
20 (is_moveable init_conf cube_loc robot_conf_cube)
21 (is_moveable open_door_conf cube_loc robot_conf_cube)
22 (is_moveable robot_conf_block remove_loc robot_conf_remove)
23 (is_moveable robot_conf_remove door_loc robot_conf_door)
24 (is_moveable init_conf block_loc robot_conf_block)
25 (is_moveable init_conf door_loc robot_conf_door)
26 (is_moveable robot_conf_door open_door_loc open_door_conf)
27

28 ;=====================================================================
29 ;; commenting the following two initial conditions can change the robot behavior greatly in terms of task

plan
30 ;; easy mode (Task 1): comment both of the following lines [comment (is_closed door) and (is_blocked door)]
31 ;; hard mode (Task 2): comment the second condition [(is_blocked door)]
32 ;; expert mode (Task 3): keep both of the following conditions uncommented.
33 ;=====================================================================
34

35 ; door is closed at the begining
36 (is_closed door)
37 ; door is blocked at the begining
38 (is_blocked door)
39

40

41 )
42

43 ;; Define goal
44 (:goal
45 (and
46 ;; only picking the cube
47 ; (grasped block)
48

49 ;; picking and placing the cube inside the cabinet
50 (at cube cabinet_loc)
51 ; (at block remove_loc)
52 ; (grasped door)
53

54

55 )
56 )
57 )

Snippet 2: PDDL problem definition for Cabinet Tasks 1-3.

The cabinet task problem is solved using the lpg-td [57] solver from the planutils library7.
As seen in Snippets 1 and 2, even for three cabinet tasks 1-3, domain and problem definitions require careful and laborious

attention. Task-solving details are outlined in Snippets with blue and olive colours. While our method discovers information
through interaction and reasoning over perceiver’s feedback, the PDDL solver relies on ground truth (highlighted in blue)
and rules (example in olive) provided by the user for problem resolution.

For the same task, PDDLStream [58] offers an alternative using a Task and Motion Planning (TAMP) framework. Rather
than human-grounded truth information, a motion planning framework certifies predicates through streams. However, this
requires user-defined rules for success or failure and a motion planner. Solving long-horizon problems with PDDLStream
may become computationally expensive [59].

REPLAN can robustly solve long-horizon multi-stage problems through interaction with the environment and reasoning
based on the perceiver’s feedback. This capability enables REPLAN to uncover underlying rules without the need for an
additional domain description and ground truth information.

7https://github.com/AI-Planning/planutils



APPENDIX VII
REAL-ROBOT IMPLEMENTATIONS

Success

REALSIM

Failure

Replanning

Grounding

Trajectory

Fig. VII.1: Robot experiment. The robot is tasked with placing an apple inside the bowl, but it has to figure out that the lemon must first
be removed. The full experiment trajectory can be seen in our video.

To ensure safety and robustness in real-robot experiments, we add the following supplementary terms to our MPC objectives:
• A penalty for moving the bowl. This term is added to prevent the robot from contacting with the bowl, which can potentially

cause damage.
• A penalty for rotating the manipulated object. This term is added to prevent the robot from hitting the manipulated object,

which will cause the object to roll.
• A penalty for closing the gripper when the manipulated object is not nearby. This term is added for two concerns: (1)

Same with the rotating penalty, this term also contributes to not hitting the object. (2) Due to the sim-to-real gap including
simulation inaccuracies and modeling inaccuracies, the timing of getting to a good position for grasping might be different
in simulation and in the real world. This term improves the consistency of grasping.


