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6. Details of the Scheduler and Capabilities

In this section we present a detailed introduction of the input
and output format of each VLM calling. Fig. 5 shows the
input and output format of the Exploration Guidance (EG)
capability. It takes the object query generated by the sched-
uler as the exploration target, and reads in a candidate list
of all the objects in the scene that can serve as the naviga-
tion goal (detailed in Sec 8.1). In addition, it incorporates
a simple memory module that records the historical outputs
associated with the same query object, thereby preventing
repeated attempts that previously resulted in failure. When-
ever EG receives a new query that differs from the previ-
ous one, the exploration history is reset to an empty list.
The output of EG is a possible location of the target object,
which is then passed to AD to be transformed into concrete
exploration actions.

Fig. 6 shows the input and output format of the Object
Grounding (OG) capability. It follows the standard practice
in open-vocabulary grounding tasks and generates JSON-
style annotations as output. It also implicitly converts free-
form object queries into a clear object category (the “la-
bel” field in the annotations), thereby facilitating subse-
quent planning of the scheduler. Note that the bounding
box coordinates provided by OG are actually not used dur-
ing inference, as current simulators do not require object lo-
cation information when performing interactions. We have
OG output these coordinates to better supervise its object
recognition performance during training, as well as to pre-
pare for future integration with a low-level controller.

Fig. 7 shows the input and output format of the Scene
Description (SD) capability. Basically, it translates the im-
age observation into textual representations for the subse-
quent calling of AD. To ensure that it focuses on the tar-
get object to be manipulated, its prompt includes an object
query, which is the object category output by the previous
OG calling. The output of SD describes the on/in relation-
ships between the target object and other objects, as well as
the properties of the target object.

In our implementation of the Action Decoding (AD) ca-
pability, we further divide it into two modes: one for ex-
ploration sub-plans (Fig. 8) and another for manipulation
sub-plans (Fig. 9). The former is responsible for convert-
ing the exploration direction output by EG into an action
sequence, typically involving only navigation and open ac-
tions (when inspecting the inside of a container). The lat-
ter converts the manipulation command provided by the
scheduler into an action sequence, which requires analyz-
ing the specific state of the target object (for instance, to put

Apple to Fridge, it needs to first open the Fridge if
Fridge is closed). Therefore, it receives the descrip-
tion generated by SD. Additionally, during task execution,
we record each navigation action and each pick/place action
performed by the agent, thereby maintaining the agent’s in-
ventory and location. These two variables are also provided
as inputs to the manipulation AD capability to assist in gen-
erating atomic actions with the correct object references.
It should be noted that the prompts of AD are simulator-
specific. Fig. 8 and 9 use ALFWorld [94] as an example.
When testing in other simulators, the action space descrip-
tion in the prompts should be adapted accordingly.

Fig. 10 shows the input and output format of the Expe-
rience Summarization (ES) capability. The input contains
the manipulation command issued by the scheduler, along
with the actions and their execution outcomes (success or
not) produced by the previous AD calling. The output is a
summary of this action history.

Fig. 11 shows the input and output format of the sched-
uler. The prompt contains a description of the 6 prede-
fined capabilities (AD is split into “exploration_planner”
and “manipulation_planner” for easier understanding) and
their corresponding arguments. The scheduler maintains
a memory of historical queries and feedback. We retain
only the feedback from OG (whether the target object is
found) and ES (whether the manipulation sub-plan is suc-
cessful). Feedback from other modules (EG and SD) is
primarily used by other capabilities within the same sched-
uler iteration and does not have much impact on subsequent
process of the scheduler. The scheduler’s output consists
of two components: the Chain-of-Thought (CoT) and the
invoked capabilities. The former includes an analysis of
completed and remaining sub-plans based on the history,
while the latter comprises a sequence of capability names
paired with their corresponding query arguments. We note
that the scheduler does not need to provide arguments for
AD (exploration) or SD, as their queries come directly from
the outputs of the previous EG and OG invocations, respec-
tively.

7. Details of the Training Data
7.1. The Training Set of ALFRED

As stated in Sec 4.1, the training of our model is con-
ducted on the training split of ALFRED [93]. ALFRED
provides 2.4k distinct training tasks, which are grouped
into seven categories (pick and place, stack and place, pick
two and place, clean and place, heat and place, cool and
place, examine in light). Based on the AI2-THOR 2.0 [48]



The Input and Output Format of Exploration Guidance (EG)

Prompt:

Suppose you are a helpful robotic agent in an indoor environment. Your task is to find {object query} in the house,
based on common house layouts and object placements. Currently, you can observe the following objects in the
house: {list of available objects}. You need to output an exploration direction in the exact form of <relation>
<object>, where <relation> is chosen from [target, in, on, near], and <object> is an object from the given object list.
Previously, you have tried the following exploration directions: {exploration history}. Do not output the directions in

this list again since they all failed.
Output example:
On CounterTop 1

G

Figure 5. The input and output format of the EG capability.

The Input and Output Format of Object Grounding (OG)

Prompt:
<image>

Output example:

\-

Locate {object query} in the image. If you can find it, output the bounding box in json format (including the object
class as “label” of the bounding box); if you cannot find it, output no

[{“bbox_2d”: [193, 104, 308, 253], “label”: “alarm clock™}]

Figure 6. The input and output format of the OG capability.

simulator, ALFRED constructs 120 different scenes (30
each for kitchens, bathrooms, bedrooms, and living rooms).
Grounding each task to different scenes yields a total of 6.4k
task instances. For each task instance, ALFRED generates
expert trajectories using the Fast Forward algorithm [29]
and manually annotates about 3 high-level task descriptions
and step-by-step action instructions for each trajectory. The
resulting 20k high-level task descriptions serve as the task
instructions for the problem of Embodied Task Planning
(ETP). Based on these data, we construct our training sets
for different training stages, which will be detailed in the
following subsections.

7.2. Stage 1

As discussed in Sec. 3.3, the key to constructing the first-
stage training data lies in converting expert trajectories
into sequences of capability invocations and corresponding
queries. To begin with, we pre-process the task instruc-
tions provided by ALFRED using a large language model
(LLM) (GPT-4.1-mini). Specifically, we feed each instruc-
tion along with its corresponding task category into the
LLM, prompting it to parse the instruction and extract the
key objects involved in the task. For example, for an instruc-
tion “Move the knife from the counter to the microwave ta-
ble” belonging to the “pick and place” category, the LLM
will output {object: knife (hint: on the counter), recepta-
cle: microwave table}. We note that ALFRED’s human-
written instructions contain substantial noise, i.e., the de-

scribed content does not always match the actual task re-
quirements. Therefore, we manually filter the parsing out-
puts and discard the instructions whose extracted object de-
scriptions are inconsistent with the real target object cate-
gories. This results in a cleaned set of approximately 15k
instructions. In addition, ALFWorld [94] provides some in-
struction templates for each ALFRED task type (e.g., “heat
some <object> and put it in <receptacle> " for “heat and
place”). By substituting the placeholders with the target ob-
ject categories, we generate one additional instruction for
each training task instance, expanding the size of the in-
struction set to 21k. Although these template-based instruc-
tions lack the linguistic diversity of human-written ones,
they offer precise and unambiguous descriptions of the cor-
responding task goals.

After processing the instructions, we now turn to the
expert trajectories. ALFRED provides a high-level PDDL
plan for each training task, which has a similar pattern with
the plan in ETP problems. For each human-written in-
struction, we align its expert plan to the action space of
EB-ALFRED, while the plan corresponding to templated
instructions are aligned to the action space of ALFWorld
(details of the action spaces will be discussed in Sec. 8.1).
By mixing plans drawn from the two action spaces during
training, we hope that the AD capability learns more gener-
alizable action knowledge.

Next, for each training instruction, we decompose its
corresponding expert trajectory into alternating exploration



The Input and Output Format of Scene Description (SD)

Prompt:
<image>

This is an egocentric image observed by a robotic household agent. Please describe the {object query} in the scene.

Output example:
There is a laptop on the desk. The laptop is open.

Figure 7. The input and output format of the SD capability.

The Input and Output Format of Action Decoding (AD)

Prompt:

go to <object> 2. open <object> 3. close <object>

Output example:
[find a DeskLamp 1]

Suppose you are a helpful robotic agent in an indoor environment. You are able to perform the following actions: 1.

The <object> is an object name composed of an object class and an object ID (e.g., Apple 1, DiningTable 2).
Now, your task is to {exploration query}. Please complete this task by performing one or a series of actions. You
should output a list of actions, e.g. [go to Fridge 1], or [go to Cabinet 2, open Cabinet 2]

Figure 8. The input and output format of the AD capability for exploration sub-plans (using ALFWorld’s action space).

and manipulation sub-plans following the procedure de-
scribed in Sec. 3.3, and further convert the sub-plans into
a sequence of capability invocations. The object descrip-
tions extracted by the LLM are then used as queries for
EG and OG. Each manipulation sub-plan is classified to
one of several predefined categories (grasp <object> , put
<object> to <receptacle> , turn on <object> , slice <ob-
ject>, heat <object> with <tool> , cool <object> with
<tool> , clean <object> with <tool> , put <object> to
<receptacle> and grasp <receptacle> ). By substituting
the placeholders with the parsed object descriptions, we ob-
tain the queries for AD and ES. Through this process, the
expert plan is transformed into a corresponding sequence
of structured capability invocations. Along with each set
of invocations, we also construct a corresponding CoT with
templates like “The task is to {instruction}. I have already
{done manipulation sub-plans}. Next, I should {remaining
manipulation sub-plans}.”

To assess the reliability of the transformed capability se-
quences, we examine whether they can achieve the task goal
assuming that all capabilities provide correct outputs. To
this end, we construct “perfect” implementations of each
capability using the ground-truth information available in
the simulator: perfect SD is built upon the object locations
and properties in the scene graph (SG); perfect OG comes
from the segmentation masks; perfect AD comes from the
decomposed expert plan; perfect ES returns the action feed-
back given by the simulator. The ground-truth outputs for
EG can also be obtained from the SG. However, we note
that accurately predicting the location of an object in a par-

tially observable environment is intrinsically challenging
(e.g., finding a knife in a kitchen containing 10+ cabinets
and 10+ drawers). To better reflect this difficulty, we in-
ject perturbations into EG’s outputs: with a certain prob-
ability, it gives a random exploration direction instead of
the ground-truth one. Using these perfect (or perturbed)
capability implementations, we attempt to execute the ca-
pability invocation sequences in the simulator. Among the
21k instructions, 16k complete successfully. Failures arise
from two major sources. First, the ALFWorld/EB-Habitat
simulators are not fully aligned with ALFRED, causing
the expert plan derived from ALFRED to be occasionally
infeasible in these environments. Second, excessive ran-
dom exploration may sometimes reach the maximum step
limit before the plan has been fully executed. We construct
the scheduler’s training data using only the task instances
whose capability invocation sequence succeeds.

During the verification procedure, we simultaneously
record the input and ground-truth output for each ca-
pability invocation, generating the training set for each
type of capability. In total, we build datasets of size
130k/157k/74k/203k/60k for EG/OG/SD/AD/ES, respec-
tively, with each training sample formatted as shown in
Fig. 5-10. For the scheduler, the 16k successful capabil-
ity invocation sequences provide 179k samples of sched-
uler callings, each formatted as in Fig. 11. We split all these
samples into training and validation sets using an 80/20 ra-
tio, and perform the first expert-SFT stage based on them.



The Input and Output Format of Action Decoding (AD)

Prompt:

Suppose you are a helpful robotic agent in an indoor environment. You are able to perform the following actions:
1. go to <object> 2. open <object> 3. close <object> 4. use <object> (which means to turn on the object) 5.
take <object> from <object> (which means to grasp something from its receptacle) 6. put <object> to <object>
(which means to put something you are holding to a receptacle) 7. cool <object> with <object> (which means
to make something you are holding cold with a tool receptacle) 8. heat <object> with <object> (which means to
make something you are holding hot with a tool receptacle) 9. clean <object> with <object> (which means to make
something you are holding clean with a tool receptacle)

The <object> is an object name composed of an object class and an object ID (e.g., Apple 1, DiningTable 2). You
need to perform a sequence of actions to complete a given task. You should output a list of actions in the given format,
e.g. [take Cup 1 from CounterTop 2], [open Cabinet 1, put Apple 3 to Cabinet 1, close Cabinet 1].

Now, you are holding {agent inventory}. You are at {agent location}. The environment infomation is: {scene
information }

Your task is to {manipulation query}. Please generate a list of actions in the given format to complete this task.
Output example:

[open the Fridge 1, put down the object in hand, close the Fridge 1, open the Fridge 1, pick up the BreadSliced, close
the Fridge 1]

Figure 9. The input and output format of the AD capability for manipulation sub-plans (using ALFWorld’s action space).

The Input and Output Format of Experience Summarization (ES)

Prompt:
<image>

reasons for the failures (if any).
Output example:
You successfully grasp SoapBar 1.

Suppose you are a helpful robotic agent in an indoor environment. Your task is to {manipulation query}. Here is a
list of actions you have performed and their corresponding environment feedbacks: action history
Your current egocentric observation is shown in the image. Please summarize the progress made and analyze the

Figure 10. The input and output format of the ES capability.

7.3. Stage 2

To construct the training data for the second stage, we de-
ploy the model trained in the first stage on the training
tasks and record all the capability invocations. Then we
follow the pipeline described in Sec. 3.4 to generate cor-
rective ground-truth outputs for each invocation. As for
data augmentation, we apply the following strategies: (1)
With the help of an LLM (GPT-4.1-mini again), we gener-
ate synonyms for every object category appearing in AL-
FRED, and randomly replace the object IDs in the candi-
date list of EG’s input with these synonyms (e.g., replacing
“Armchair 1” with “Couch 1”). (2) We generate descrip-
tive phrases for each object category and randomly replace
the object queries in OG’s input with them (e.g., replacing
“locate the cabinet” with “locate the tall storage unit with
doors”). (3) For each atomic action, we generate several
semantically equivalent rephrasings and randomly replace
the action names in both the input and output of AD (e.g.,

replacing “pick up the <object>" with “grasp the <ob-
ject>"). (4) We further use the LLM to produce additional
object categories and construct synthetic samples for AD
by substituting the original object categories with the newly
generated ones (e.g., replacing “put Apple 1 to Fridge 17
with “put Shirt 1 to WashingMachine 1”). The goal of these
augmentations is to improve the generalization of the capa-
bilities involved. They prevent the model from overfitting
to ALFRED’s limited set of object and action names and
encourage it to learn the semantic knowledge. In total, we
build a dataset of 820k samples for stage 2, and split it with
an 80/20 ratio for training and validation.

7.4. Stage 3

The third training stage focuses on improving the perfor-
mance of the scheduler. Since the scheduler operates on
textual inputs/outputs and does not interact with the en-
vironment directly, we do not utilize the simulator when
constructing the training data for this phase. Instead, we



The Input and Output Format of the scheduler

Prompt:

Suppose you are a helpful robotic agent in an indoor environment. You have the following abilities and you can
invoke them by function calling:

1. exploration_guidance(object_information): given the name or the description of an object, output a direction for
exploration

2. exploration_planner(): explore the environment accrording to the exploration direction

3. object_grounding(object_information): given the name or the description of an object, find it in the egocentric view
of the robot

4. scene_description(): describe the egocentric observation of the robot

5. manipulation_planner(subtask): given a subtask instruction (a subtask is defined as a part of the task that can be
completed within the scene observed from the robot’s current egocentric view), complete it by performing atomic
actions

6. experience_summarization(subtask): summarize the previous subtask execution experience

You need to complete a given task by sequentially generating ability queries. When querying the ability of explo-
ration_guidance, object_grounding, manipulation_planner, experience_summarization, you need to give them a proper
input argument. After querying object_grounding or experience_summarization, you will get feedbacks of the ground-
ing results or execution results. At each step, you will be given the history of queries you made and feedbacks you
received. You need to output your reasoning process after “Think: ”. Then, you need to output your ability query (or

Now, here comes the task:

Task: {task instruction}

History: {query and feedback history}
Output example:

Query: 1. exploration_guidance(lettuce)
2. exploration_planner()
3. object_grounding(lettuce)

queries) after “Query: ”, or simply output “Stop” if you believe the task is completed.

Think: The task is “To chill lettuce and place it on the counter”. I am at the beginning of the task. I should: grasp
lettuce, chill lettuce, put lettuce to counter. First, I need to find lettuce.

Figure 11. The input and output format of the scheduler.

synthesize the feedback for the invoked capabilities. For
each training task, we first obtain its ground-truth capabil-
ity invocation sequence (Sec. 7.2). To construct the sched-
uler’s input (Fig. 11), we need to generate feedback for
every OG and ES calling. With perfect capability execu-
tion, each OG feedback would indicate that the target ob-
ject is found, and each ES feedback would indicate suc-
cessful manipulation. However, the trained capabilities do
not always provide correct outputs. To model this, we in-
troduce random errors to the capabilities. For each OG
invocation, we assign a certain probability of returning a
“target not found” feedback. In such cases, the scheduler
need to repeat the previous (EG, AD, OG) invocations un-
til the target is located. Similarly, for each ES invoca-
tion, we randomly return a “failure” feedback and a plau-
sible failure reason with a certain probability. Upon receiv-
ing such feedback, the scheduler must roll back to an ear-
lier sub-plan and re-invoke the corresponding capabilities.
Through this process, we augment the original expert ca-

pability sequence ([{¢] ?;1, vy {q%1 };le}) with an error-

recovery mechanism, producing longer and more realis-
tic interaction trajectories ([{q]}72,, f1, ..., {@}, } 123 f1))
that better reflect the actual behaviors of the capabilities.

We adopt the augmentation strategy proposed in Stage 2
when synthesizing the feedback. In addition, we construct
20 new task categories and about 3k new task instances by
combining ALFRED’s 7 original task types (e.g., “trans-
fer one hot tomato and one cold tomato to the side table”).
For each newly created task, we derive its ground-truth
capability-invocation sequence by merging the sequences
of its constituent tasks, and then synthesize training samples
for scheduler using the error-injection procedure described
above. To prevent the newly constructed tasks from being
too difficult for the scheduler (so that it cannot generate any
reasonable outputs during reinforcement learning), we in-
corporate their expert invocation sequences (without error
recovery but including CoT reasoning, approximately 46k
samples) into the SFT dataset of Stage 2. These additional
scheduler training signals provide a suitable starting point
for the Reinforcement Fine-tuning (RFT) phase.

Finally, stage 3 yields 25k task episodes and 360k sam-



ples (in the format of Fig. 11, but without CoT), which are
again split into training and validation sets using an 80/20
ratio. The details of the RFT training based on these sam-
ples are presented in Sec. 9.

8. Details of the Benchmarks

8.1. ALFWorld and EB-ALFRED

ALFWorld [94] and EB-ALFRED [125] are used as the
primary evaluation environments. The ALFWorld bench-
mark provides a wrapper of ALFRED’s low-level actions
and implements a text-based action interface through the
TextWorld [19] engine. It follows ALFRED’s original data
split. The training set retains 3.6k out of ALFRED’s 6.4k
training tasks (removing all tasks in the “stack and place
category” as well as those involving the “slice” action). Its
evaluation set is drawn from ALFRED’s validation split and
contains 134 tasks in unseen scenes and 140 tasks in seen
scenes during training (both with novel object initializa-
tion). ALFWorld supports two agent modes. The first is a
vision-based setting, in which the agent receives an egocen-
tric image (with a default resolution of 300 x 300) at each
time step, mirroring the original ALFRED environment.”
The second is a text mode, in which the agent receives a tex-
tual description of the outcome of the previous action along
with the set of currently observable objects. The maximum
number of action steps per episode is set to 50.

EmbodiedBench [125] integrates 4 simulation environ-
ments to provide a comprehensive evaluation of embod-
ied agents across planning, navigation, and manipulation
competencies. Among them, EB-ALFRED is derived from
the LoTa-ALFRED [17] benchmark and introduces a wrap-
per for the ALFRED environment that differs from that
of ALFWorld. It offers 300 evaluation tasks, all sourced
from ALFRED’s validation set of seen scenes. These tasks
span all 7 task categories of ALFRED, and are reorganized
into 6 splits (base, visual appearance, spatial relationship,
complex instruction, common sense, long horizon) to cap-
ture distinct characteristics of the task instructions. EB-
ALFRED adopts a setting of vision-based observation with
a default resolution of 500 x 500. The maximum number
of action steps per episode is set to 30, and an episode also
terminates if the agent outputs 10 invalid actions.

Table 7 summarizes several key differences between
ALFWorld and EB-ALFRED. Specifically: (1) Task di-
versity. EB-ALFRED includes a richer set of task types
than ALFWorld, e.g., “put a bowl with a knife in it to
the countertop”, “put a sliced apple to the countertop”.
(2) Action granularity. In ALFWorld, “heat”, “cool”,

2Some previous works on ALFWorld’s vision-based environment as-
sumes a textual feedback of each action (which may contain a list of newly
observed objects), while we only leverage a binary signal (whether the ac-
tion is available or not) as action feedback during inference.

and “clean” are implemented as atomic actions. In con-
trast, EB-ALFRED requires the agent to realize these ef-
fects through more primitive operations (e.g., cooling an
apple by putting it to the fridge and then picking it up).
EB-ALFRED also provides a “slice” action, which ALF-
World lacks because it contains no tasks involving sliced
objects. (3) Navigation behavior. ALFWorld restricts nav-
igation to “go to” actions targeting large, immovable re-
ceptacles. EB-ALFRED, however, allows the agent to ap-
proach any object in the environment via a “find” action.
This makes ALFWorld place greater emphasis on explo-
ration: the agent must reason about the potential locations
of the target object in order to find it. (4) Instruction de-
sign. ALFWorld uses templated instructions in which the
target object category is explicitly mentioned. In contrast,
EB-ALFRED uses human-written (or GPT-augmented) in-
structions that are longer, syntactically richer, and often re-
fer to target objects more indirectly (e.g., by describing their
appearance or location instead of naming their category).
(5) Evaluation environments. Assuming that the training
is performed on ALFRED’s training tasks, then ALFWorld
evaluates the agent in both seen and unseen scenes during
training, whereas EB-ALFRED’s evaluation is conducted
in seen scenes. Overall, EB-ALFRED emphasizes task di-
versity and instruction complexity, while ALFWorld places
more focus on efficient exploration and generalization to
novel scenes.

Our goal is to train a model that can bridge the aforemen-
tioned discrepancies and operate seamlessly across ALF-
World and EB-ALFRED. To achieve this, as described in
Sec. 7.2, we use ALFRED’s training set (which is a super-
set of ALFWorld’s training set) and include both the human-
annotated instructions from ALFRED and the templated in-
structions from ALFWorld. To address the differences in
atomic actions, we provide AD with training data that en-
compass different action spaces. To handle the differences
in navigation behavior, we construct two variants of the can-
didate list in the EG input: a “receptacle-only” setting and
an “all-objects” setting. Both the receptacle list and the ob-
ject list can be extracted from the set of available actions.

8.2. Adaptation to EB-Habitat

EB-Habitat is another benchmark for ETP designed by Em-
bodiedBench [125]. It is constructed upon the Language
Rearrangement task proposed by LLaRP [102]. EB-Habitat
adopts the same observation format as EB-ALFRED, and
its 300 testing tasks are partitioned into the same 6 splits to
capture the diversity of instruction styles. However, since
EB-Habitat and EB-ALFRED are built on different simu-
lators with substantially different sets of object categories
and task types, it serves as a challenging out-of-distribution
(OO0D) evaluation environment for our trained model.
When evaluating on EB-Habitat (Table 5 of the main



Table 7. A comparison between ALFWorld [94] and EB-ALFRED [125]. We slightly modify the names of the atomic actions (e.g.,
replacing “find” with “go t0”) to enable a clearer comparison of the differences.

Task Types Action Space Nav. Target Instruction Test Scene
ALFWorld 6 go to, pick, put, turn on, open, close, only receptacles template-based seen&unseen
heat, cool, clean
EB-ALFRED 7 go to, pick, put, turn on, open, close, all objects human-written seen

slice

paper), we keep the VLM parameters fixed and intro-
duce the following modifications for the capability invo-
cation pipeline. For AD, the action descriptions in the
prompt (Figs. 8 and 9) are replaced with the action space of
EB-Habitat (‘“navigate”, “pick”, “place”, “open”, “close”).
Similar to ALFWorld, EB-Habitat only permits navigation
actions toward receptacles, so we set the candidates in the
prompt of EG to the list of receptacles present in the scene.
In practice, we find that the primary obstacles to OOD gen-
eralization stem from the visual domain: EB-Habitat pro-
vides less realistic environment rendering than ALFRED
and also contains many object categories that never appear
in ALFRED. As a result, capabilities that rely on image in-
puts exhibit degraded performance. To mitigate this issue,
we introduce several additional adjustments. Noting that
EB-Habitat involves relatively few object-state changes and
that action failures occur in a highly similar pattern (mostly
“target object out of reach”), we omit SD (i.e., make it re-
turn an empty string when invoked) and remove the image
input from ES. For OG, the agent first checks whether the
object query belongs to the set of object categories provided
by EB-Habitat (which can be parsed from the set of valid
actions). If it does, the model directly returns that the target
object is found. If it does not, the model performs the stan-
dard open-vocabulary grounding procedure, after which the
detected object label is mapped to the most similar string
in the category set. This adjustment compensates for the
model’s limited recognition ability at the cost of increased
number of action steps (e.g., attempting to grasp an apple
even when it is not visible now).’

8.3. Adaptation to Text Environments

In Tables 3 and 6 of the main paper, we also evalu-
ate the model on two text environments: ALFWorld-Text
and LoTa-WAH. ALFWorld-Text is already introduced in
Sec. 8.1. To adapt the VLM agent to receive textual ob-
servations, we make the following adaptations to the ca-
pabilities. (1) The candidate list of EG’s input is parsed
from the initial observation, which lists all the receptacles

3We also observe that EB-Habitat occasionally presents situations
where the agent is close to an object but the object is not visible in the
rendered view, which further motivates the above modification to the OG
capability.

in the room. (2) OG is implemented by checking whether
the queried object appears in the object list extracted from
the most recent observation. (3) SD is implemented by
outputting “There is a {object query}” and appending the
property descriptions extracted from the latest observation
(if any). (4) The image input for ES is removed. Comparing
the results in Tables 2 and 3, we observe that the ETP task
is easier in the text-based environment than in the visual en-
vironment. This indicates that visual recognition of objects
and their properties remains one of the key factors limiting
planning performance. This is also validated by the error
analysis in Sec. 11.

LoTa-Bench [17] is another text-based benchmark for
embodied planning. It organizes two simulators for evalua-
tion, ALFRED [93] and VirtualHome [70]. Here, we focus
on the latter, LoTa-WAH, since EB-ALFRED basically sub-
sumes the former. Compared with ALFWorld-Text, LoTa-
WAH exhibits a different set of object categories and does
not provide updated environment observations. Instead, it
only reports the complete list of object categories at the be-
ginning of a task and indicates whether each executed ac-
tion succeeds or fails at each timestep. Given these char-
acteristics, we omit SD (which directly returns an empty
string) and OG (which directly returns “the target object
is found”), and remove the image input from ES. For EG,
we note that LoTa-WAH allows navigation actions toward
any object, but the number of objects in the scene is large.
Accordingly, we retain only all receptacles and the objects
having high semantic similarity with the object query (mea-
sured using all-MiniLM-L6-v2 [77]) in the input candidate
list. For AD, we modify the prompt to match the action
space defined in LoTa-WAH. LoTa-WAH uses subgoal suc-
cess rate (SSR) as the evaluation metric, defined as the pro-
portion of the predefined goal conditions that are satisfied
at the end of an episode.

9. Preliminaries on the RFT Stage

Reinforcement learning (RL) aims to learn a policy 7 that
generates an action distribution given a state: a; ~ 7(+|s;).
After taking each action, it will receive a reward R(s;, ay).
The most classical training objective is the expected return



of the policy:

T

77(7() = E(so,ag,...,sT,aT)wﬂ[Z lth(Stvat)L (9)
t=0

where + is a decay factor, T is the maximum length of the
episode, 7 = (so,ag, ..., ST, ar) is a trajectory collected
by rolling out 7 in the environment. With a parameterized
policy g, Policy Gradient [99] shows that the gradient of 1
can be computed with:

T
Von(m) = B(agap.....srar)enly | Vologmo(silar) A (si, ar),
=0
(10)
where the advantage A (s:,ar) = Qr(st,at) — Va(st),

and Qr(si,ar) = R(s,ar) + YVa(si1), Vals) =
E(ay,s141.050.07)~r [Zgzt "' ~'R(sy,ap)].  However,
this limits the policy training to using strict on-policy data
((so, a0, ..., sT,ar) ~ m). To allow gradient optimization
with slightly off-policy data, [42] shows that:

T
77(71—/) = 77(7T) + E(so,ao,... sT,ar)~m! Z VtATr(Sh at)-
t=0
Y
TRPO further gives a surrogate for the right hand side:
77(771) - 77(77) = ESNdﬂ./EaNW’(~|S)A‘IT(S) a) (12)
'(als)
R Esd, Eoorn(s) ——Ax(s,a). (13
4 Bar(lo) gy An(s:@)- 13

where d is the (unnormalized) state distribution under 7:
dr(s) = P(so = 5) +YP(s1 = 8) + 7?P(s2 = 5) + ... +
yTP(s7 = s). Now, 7’ in Eq (13) can be optimized using
trajectories generated with an old policy m. TRPO imple-
ments this by performing constraint optimization to avoid
7’ from deviating too far from 7, while PPO [83] achieves
this through a clipping mechanism:

Jopo () = Egmd, amn(-|s) Min[r(a, s)A- (s, a),

clip(r(a,s),1 +¢€1—¢€)Ar(s,a)], (14)
where 7(a,s) = ;,(((f‘lss)) is adaptively clipped according
to the signal of A,.. PPO calculates the advantage value
by General Advantage Estimation [82], which involves the
training of a value model along with the policy. GRPO [86]
further eliminates the need for this value model by using the
group-wise average return as the baseline:

G

Jorpo (') = Esmd, aimm(|s) Zmin[r(a, s)flﬂ(s, a’),
i=1

clip(r(a,s),1 +¢€1— e)flﬂ(s, ai)],

15)

where A (s,a) is the return of action ' normalized with
the group’s mean and standard deviation.

Our proposed Expert-Induced Policy Optimization
(EIPO) follows Eq (11) but substitute 7 with an expert pol-
icy 7*. So, the optimization target is transformed to:

’r](ﬂ./) - 77(7'(*) = ESNdﬂ.IEaNﬂ‘/(-‘S)Aﬂ'* (Sa a’) (16)

7' (als)
)WAﬂ—* (S,a), (17)

~ ESNDEGN‘IT(~|S

where D is a static dataset of policy input. By introducing
7*, EIPO bypasses the estimation of returns and state values
under policy 7 through value models or Monte Carlo sam-
pling. Instead, it adopts the more stable expert advantage
function A,~ as the optimization objective. This approach
more clearly reflects the credit of each action and provides
more effective gradient signals consequently. Furthermore,
as discussed in Sec. 3.5, we incorporate PPO-style proba-
bility ratio clipping and GRPO-style group normalization
into EIPO. Note that GRPO’s normalization uses the group
mean as an estimate of the state value under policy 7 to ap-
proximate the advantage A (s, a’). In contrast, EIPO’s nor-
malization employs the group mean as a baseline for A«
to reduce the variance of the policy gradient and introduce
positive gradient signals (detailed in Sec. 3.5). Following
recent works like [62], we omit the standard deviation nor-
malization used in GRPO and only subtract the group aver-
age.

The proposed EIPO can be applied to any policy as long
as an expert 7 can be formulated. We present two exam-
ples in this work. The first is a conventional action policy, in
which the model directly outputs atomic actions. The sec-
ond is the scheduler policy in our capability-driven planning
framework, where the model outputs capability invocations.
For the action policy, we train the model using online data.
In each iteration, the model rolls out G = 8 complete trajec-
tories in each of the batch_size=16 randomly selected train-
ing environments. During planning, we maintain the lists
of completed and remaining sub-plans for each timestep.
For each state s along each trajectory, suppose the number
of remaining sub-plans is ns, then an expert action policy
should be able to complete the task within ng rounds of
output (where each output is a list of actions completing a
sub-plan). Assuming that completing each sub-plan yields a
reward of +1, the corresponding expert value for that state,
V- (s), can thus be computed as 37! 7%, Meanwhile, by
examining the difference in the number of remaining sub-
plans between consecutive states along the trajectory, we
can determine the immediate reward R(s,a) for each ac-
tion a. Based on the reward for a and the expert value for
s, we obtain the advantage value for each state-action pair
by Ar«(s,a) = YVp(s') + R(s,a) — Vp«(s), where s’
is the next state in the trajectory. After group-based nor-
malization, this is used as the objective for policy gradient



and model update. The training is conducted for 150 iter-
ations with an initial learning rate of le-6. We implement
the online training pipeline on ALFWorld’s text environ-
ment using the framework provided by GiGPO [25]. The
experimental results are presented in Sec. 10.3.

In our training stage 3, we apply the EIPO algorithm for
the scheduler. Treating the scheduler VLM as a policy, we
define the state s; as all previously generated queries and
the corresponding feedback up to step ¢t — 1, and the ac-
tion a; as the sequence of queries produced at the current
scheduler calling. To avoid the substantial time cost of pol-
icy rollouts during training (which involves image rendering
and capability invocations), we sample input states from an
offline dataset, as shown in Eq (17). This deviates from the
original objective in Eq (16), which ideally samples states
from the distribution induced by the current policy 7. How-
ever, the trajectory synthesis process described in Sec. 7.4
enables us to generate a large and diverse dataset (cover-
ing scenarios where capability invocations succeed or fail),
which helps mitigate the problem of distribution shift to
some extent. The training proceeds for 120 iterations. In
each iteration, we sample a batch of 512 states to serve as
prompts. For each prompt, the model generates G = 8 re-
sponses, each containing both the CoT reasoning and the
capability queries (as in Fig. 11). The computation of A+
follows a procedure similar to that used for the action pol-
icy. We again maintain the lists of completed and remaining
sub-plans for each state, and assume that an expert sched-
uler would be able to resolve the remaining ns sub-plans
with ns rounds of output. The reward scheme assigns +1
for the completion of each manipulation sub-plan. This
choice is motivated by the observation that the successful
execution of exploration sub-plans often depends heavily
on the performance EG and OG capabilities; thus even a
correct scheduler output may not directly complete an ex-
ploration sub-plan in practice. Given this reward definition,
we can compute V- for any input state s. However, in the
offline setting, obtaining the next state s’ resulting from an
action is challenging, since no environment or capability in-
teraction is available. To estimate R(s, a) and Vi« (s'), we
adopt a simple approximation: when the scheduler’s output
matches that of the expert scheduler, we follow the expert
policy to determine s’ (a state where a new sub-plan is com-
pleted). When the output does not match, we assume that
the number of remaining sub-plans stays unchanged and the
immediate reward is 0. We find that this approximation
yields satisfactory empirical performance (as in Table 4),
and leave the incorporation of a world model and the de-
sign of a more delicate reward mechanism for future work.
After obtaining A~ for each state-action pair (i.e., prompt-
output pair), we perform the computation of policy gradient
and the update of model parameters following the same pro-
cedure as standard GRPO.

10. More Experimental Results
10.1. Impact of Training Data

Our proposed training pipeline leverages all tasks in AL-
FRED’s training set to develop an agent capable of op-
erating in both the ALFWorld and EB-ALFRED environ-
ments. Since ALFWorld uses only a subset of ALFRED’s
tasks, we re-run the 3-stage training procedure using only
ALFWorld’s training tasks, in order to enable a more con-
trolled comparison with previous baselines on ALFWorld.
The results are presented in Table 8. Without additional
tasks, Our model still reaches a success rate of 67.2% af-
ter the 3-stage optimization, which is better than all previ-
ous methods in Table 2. On the other hand, by compar-
ing with the results in Table 4, we observe that incorpo-
rating the additional ALFRED tasks, despite that they be-
long to task categories different from ALFWorld, yields a
roughly 10% performance improvement. This suggests that
our capability-based framework is able to acquire generaliz-
able planning strategies from a diverse set of tasks and may
possess promising scalability. Moreover, introducing syn-
thetic tasks (constructed by combining the original ALF-
World tasks) for EIPO also leads to performance gains, fur-
ther demonstrating the effectiveness of our data collection
strategy in Stage 3.

10.2. Impact of the Capability-Driven Framework

To further demonstrate the advantage of the capability-
driven planning framework, we compare it with a plain
planner that directly generates actions. Specifically, this
baseline uses the same Qwen2.5-VL-3B backbone as our
method. At each timestep, it receives the current obser-
vation image, the task instruction, and the interaction his-
tory (including past actions and the environment feedback
of success/failure), and outputs a CoT reasoning process
followed by one or more actions. This can be viewed as
an integration of the scheduler and AD capability in our
framework. To train this model, we adopt a two-stage
pipeline. First, SFT is performed using expert trajectories.
The trained model is then utilized to collect trajectories on
the training tasks, which serves as the dataset for an EIPO-
based RFT stage. Here, we adopt an approach analogous to
the scheduler policy described at the end of Sec. 9 to com-
pute the number of remaining sub-plans and the V.« value
for each state along the trajectory. We then construct a set
of optimal actions for each state based on the expert sched-
uler and expert AD. During training, we determine the next
state s’ by checking whether the model’s predicted action
falls within the optimal action set, which then allows us to
compute the advantage A« for optimization. Note that we
omit the DAgger-SFT stage, as it is designed for enhancing
the capabilities. Similar to Sec. 10.1, the training is con-
ducted on ALFWorld’s training tasks, and the evaluation re-



Table 8. The results of solely using ALFWorld for training.

SFT-expert SFT-DAgger EIPO SR
4 X X 42.5
4 4 X 59.7
v v w.o. syn. task  67.2
v v w. syn. task  68.6

Table 9. The results of an VLM planer with/without explicit capa-
bility invocation.

Cap. SFT EIPO SR

X v X 40.3
X 4 4 48.5
4 4 X 59.7
4 4 v 68.6

sults are reported in Table 9. Under both the SFT-only and
SFT+RFT settings, the planner equipped with capabilities
consistently outperforms the version that directly generates
actions. We observe that the planner without capabilities
tends to more frequently produce invalid actions, misinter-
pret the task progress (e.g., attempting to heat an object de-
spite having failed to pick it), and fail to locate the target
object due to insufficient exploration or inaccurate recogni-
tion. In addition, the results in Table 9 also demonstrate the
generality of the proposed EIPO algorithm across different
types of planners, which will be elaborated more concretely
in the next subsection.

The benefits of introducing capabilities can be under-
stood from two aspects. First, it enables a clearer and more
reliable reasoning process, such as the explicit exploration
and object localization. Second, it allows the incorporation
of additional fine-grained supervisory signals into the train-
ing process.

10.3. Impact of the RFT Algorithm

To more thoroughly analyze the effect of the EIPO algo-
rithm, we compare it with the GRPO [86] baseline under
two settings: an online action policy and an offline sched-
uler policy. For the action policy, the results in Table 10
extend those shown in Fig. 4 of the main text. As described
in Sec. 9, we train models within the verl-agent framework
provided by GiGPO [25], using Qwen2.5-1.5B-Instruct as
the base model and keeping all hyperparameters consis-
tent. Experiments are conducted in the text-based ALF-
World environment. For a complete episode collected by
the model, GRPO assigns a reward solely based on the fi-
nal signal of task success or failure. This terminal reward is
shared by all steps within the episode and used as the opti-
mization target. GiGPO further computes a per-step return
for each action and constructs both step-level and episode-
level groups for normalization. In contrast, our method
directly uses the expert advantage A.- for each action as

Table 10. A comparison between GRPO and EIPO for training
LLM-based (Qwen2.5-1.5B) planner on ALFWorld. The reported
results are averaged across 3 independent runs.

objective SR
rollout return (episode-level group) 72.8+3.6
rollout return (episode&step-level group) 86.7+1.7
expert advantage (episode-level group) 94.8+3.9
expert advantage (episode&step-level group) 92.7+3.9

Table 11. A comparison between GRPO and EIPO for the training
stage 3 of our pipeline.

objective ALFWorld EB-ALFRED
none 73.1 64.3
reward 69.4 65.0
expert advantage 77.6 67.0

the optimization target. We also experiment with construct-
ing both episode-level and step-level normalization groups,
analogous to GiGPO. The results demonstrate that the more
stable and accurate optimization target of expert advantage
enables EIPO to outperform GRPO, which relies on esti-
mating policy returns through sampled rollouts. Moreover,
incorporating step-level grouping does not yield additional
performance gains. A possible explanation is that EIPO’s
per-action advantage computation already addresses much
of the credit assignment problem, reducing the need for
fine-grained normalization through additional grouping.
For the scheduler, GRPO based on episode-level returns
is difficult to apply because we employ an offline dataset to
avoid expensive rollouts. As a baseline for EIPO, we con-
sider an alternative algorithm that uses per-action rewards as
the optimization target: the model receives a reward of 1 if
its output matches the expert scheduler’s output, and 0 oth-
erwise. This approach resembles GRPO on single-turn QA
datasets, ignoring the long-term consequences of actions
and the multi-turn planning process. As shown in Table 11,
EIPO achieves consistently better performance than this
reward-based baseline in both evaluation environments. We
also note that the gain is particularly pronounced on longer-
horizon tasks (e.g., the long horizon split of EB-ALFRED
and the exploration-intensive tasks in ALFWorld). This in-
dicates that EIPO provides a practical and effective objec-
tive for offline policy optimization of VLM-based agents.

10.4. Efficiency

Introducing capability invocations into the planning pro-
cess may raise concerns regarding computational efficiency.
To assess this, we execute our capability-driven planning
pipeline for 3 times on 6 ALFWorld tasks (one from each
task category) and report the average statistics in Table 12.
For comparison, we also evaluate the planner that directly
generates actions (described in Sec. 10.2) under the same



Table 12. Statics of VLM inference for capability-based and
action-based planner.

time #call #tokenin # token out
action-based 35.6s 16.3 11.3k 1.1k
capability-based 36.3s  35.1 10.1k 1.1k

experimental conditions. All results are obtained on a sin-
gle NVIDIA RTX 4090.

The results show that incorporating capabilities indeed
increases the number of VLM calls. However, the per-call
token cost is lower, as many capabilities have short prompts
and concise outputs. The overall runtime of the two meth-
ods is comparable. It is worth noting that the runtime de-
pends not only on the number of VLM calls but also on the
number of interactions with the simulator. For many com-
plex tasks, action-based approaches may spend a large num-
ber of tokens and considerable time on blind exploration or
invalid actions, which usually result in task failure. In such
cases, the capability-based approach offers advantages in
both performance and efficiency.

10.5. Plan visualizations

We present the CoT traces and capability invocations gen-
erated by RoboAgent on several tasks in Fig. 16-22 to qual-
itatively analyze its planning capabilities. In Fig. 16-18,
the agent successfully completes a complex task in EB-
ALFRED involving more than 20 action steps, with the
scheduler accurately analyzing the task progress and invok-
ing appropriate capabilities to sequentially solve each sub-
task. Fig. 19 illustrates a task in EB-ALFRED that involves
open-vocabulary object reference. The OG capability suc-
cessfully grounds the query “round kitchen table” to the
dining table, facilitating subsequent planning and manip-
ulation. Fig. 20-21 depict a task in ALFWorld where the
agent cannot directly “go to” small objects. Our EG and
OG capabilities assist the agent in efficiently exploring the
receptacles in the scene, ultimately locating the target object
(cup). Fig. 22 shows an example in the text-based environ-
ment, where OG, SD, and ES provide feedback by parsing
the textual observations.

10.6. Real-World Demonstration

Following the reviewer’s suggestion, we attempt to deploy
RoboAgent in a real-world task setting. To this end, we
construct a simple environment using toy kitchen utensils.
The scene involves multiple tabletops to simulate the par-
tial observability commonly encountered in household ap-
plications. We employ the Qwen3-VL-3B model trained on
ALFRED. The task instruction, the list of all receptacles,
and manually captured images are provided as inputs to the
model, which generates a sequence of actions. The actions
are then manually executed by a human operator. The ex-
perimental results are illustrated in Fig. 12. This example

provides a preliminary demonstration of the feasibility of
RoboAgent when applied to real-world observations.

11. Error Analysis

One advantage of our capability-driven task planning
framework is that it enables fine-grained failure analysis.
We manually examine all failed tasks in EB-ALFRED and
ALFWorld and present their attribution in Fig. 13 and 14.
For EB-ALFRED, approximately half of the failures come
from the visual grounding stage. In some cases, OG fails
to recognize the target object in the agent’s field of view
(Object Recognition), which may occur when the object is
small or occluded. In other cases, EG and OG may not
fully understand the open-vocabulary object queries (Open-
Vocabulary Referring), causing the agent to miss the target
object, interact with a wrong object, or output invalid ac-
tions due to wrong object category label. About 18% of
failures are due to the scheduler incorrectly parsing the in-
struction, which typically occurs when the instruction in-
volves complex sentence structures, irrelevant information,
or long object queries. Approximately 17% of failures orig-
inate from low-level control errors, potentially due to simu-
lator implementation issues (e.g., when the agent is near an
object but cannot interact with it, or when multiple instances
of the same object category appear in the field of view and
the agent cannot specify the intended target). Around 9%
of failures result from ambiguities in the instruction itself,
such as the agent choosing a soap bottle rather than a spray
bottle when instructed to get a “bottle”, or selecting a din-
ing table instead of a side table for the query “table.” An-
other 3% of errors arise from the ignored action precondi-
tions, e.g., put something to the cabinet when the cabinet is
closed, stemming from inaccurate outputs of SD or missing
actions in AD. Finally, 1% of errors are due to the ES ca-
pability (History Summarization), where it fails to correctly
report the outcome of the previous actions and gives false
assumptions for subsequent planning.

In ALFWorld, approximately 43% of errors also stem
from object recognition. Although ALFWorld does not in-
volve open-vocabulary descriptions, the restriction to mov-
ing toward receptacles sometimes places the target object
at the edge of the observed image, increasing the difficulty
of object grounding. About 20% of failures are due to
exploration, where the model exhausts the allowed action
steps without finding the target object, indicating room for
improvement in EG.* Another 20% of failures are due to
low-level control, similarly related to simulator implemen-
tation issues. The remaining 17% arise from ignored ac-
tion preconditions. We note that, in ALFWorld, the action
of “heat something with microwave” often fails when the

4We also observe that, in some tasks, the target object cannot be seen
even when all feasible positions are explored.
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Figure 12. A demonstration of real-world deployment. We present some of the input images and output actions. A human operator carried

out the actions and captured the images with camera.
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Figure 13. Error distribution on EB-ALFRED.
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Figure 14. Error distribution on ALFWorld.

microwave is open, suggesting that AD still needs to learn
certain simulator-specific action rules.

In Fig.15, we present the visualization of some typical
failure cases for the scheduler and the capability.

Instruction: Examine the keys under the
illumination provided by one fixture on the
table.

Scheduler output:
exploration_guidance(one fixture)

Instruction: Carry something absorbent to
- the bathtub.

Object Grounding input:
something absorbent

Object Grounding output:
[{"bbox_2d":[147, 239, 176, 275],
"label": "soap bottle"}]

Figure 15. A visualization of two typical failure cases of RoboA-
gent. In the task above, the scheduler ignores the key information
“illumination” from the instruction, and does not provide a com-
plete and correct query to the invoked capabilities. In the task be-
low, OG fails to understand the open-vocabulary query, resulting
in the detection of an incorrect target object (soap bottle, instead
of towel).



Instruction: Warming up an apple slice and put it in a garbagecan

[Scheduler] #1

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | am at the beginning of the task. | should:
grasp some tool for slicing apple, slice apple, put some tool
for slicing apple to somewhere, grasp a sliced apple, warm
up a sliced apple, put a sliced apple to garbagecan. First, |
need to find some tool for slicing apple.

Query: 1. exploration_guidance(some tool for slicing apple)
2. exploration_planner()

3. object_grounding(some tool for slicing apple)

[Scheduler] #2

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | should: grasp knife, slice apple, put knife
to somewhere, grasp a sliced apple, warm up a sliced
apple, put a sliced apple to garbagecan. The first subtask
is grasp knife. | have already found the target object (knife),
now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(grasp knife)

3. experience_summarization(grasp knife)

[Scheduler] #3

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1. Next, |
should: slice apple, put Knife 1 to somewhere, grasp a
sliced apple, warm up a sliced apple, put a sliced apple to
garbagecan. First, | need to find apple.

Query: 1. exploration_guidance(apple)

2. exploration_planner()

3. object_grounding(apple)

[Scheduler] #4

Think: | failed to find the target object in the previous
exploration stage. | should try again by exploring
somewhere else for the same target object.

Query: 1. exploration_guidance(apple)

2. exploration_planner()

3. object_grounding(apple)

[Scheduler] #5

Think: | failed to find the target object in the previous
exploration stage. | should try again by exploring
somewhere else for the same target object.

Query: 1. exploration_guidance(apple)

2. exploration_planner()

3. object_grounding(apple)

[Scheduler] #6

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1. Next, |
should: slice apple, put Knife 1 to somewhere, grasp a
sliced apple, warm up a sliced apple, put a sliced apple to
garbagecan. The next subtask is slice apple. | have
already found the target object (apple), now | can
manipulate it.

Query: 1. scene_description()

2. manipulation_planner(slice apple)

3. experience_summarization(slice apple)

[Exploration Guidance]
target Knife 1

[Scene Description]
There is a knife on the
countertop.

[Exploration Guidance]
target Apple 1

[Exploration Guidance]
target Apple 2

[Exploration Guidance]
target Apple 3

[Scene Description]
There is an apple in
the garbage can.

[Action Decoding]
find a Knife 1 %

.

Action execution (step #1)

[Action Decoding]
pick up the Knife
1

Action execution (step #2)

[Action Decoding]
find a Apple 1

Action execution (step #3

[Action Decoding]
find a Apple 2

Action execution (step #4)

[Action Decoding]
find a Apple 3

Action execution (step #5)

[Action Decoding]
slice the Apple 3

Action execution (step #6)

[Object Grounding]
[{"bbox_2d": [189, 385, 347, 407],
"label": "knife"}]

[Experience Summarization]
You successfully grasp Knife 1.

[Object Grounding]
Not found

[Object Grounding]
Not found

[Object Grounding]
[{"bbox_2d": [285, 413, 337, 470],
"label": "apple"}]

[Experience Summarization]
You successfully slice Apple 3.

Figure 16. A visualization of the generated plan on EB-ALFRED (long horizon split), part 1.



Instruction: Warming up an apple slice and put it in a garbagecan.

[Scheduler] #7

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1, slice
Apple 3. Next, | should: put Knife 1 to somewhere, grasp a
sliced apple (hint: Apple 3), warm up a sliced apple, put a
sliced apple to garbagecan. First, | need to find
somewhere to put knife.

Query: 1. exploration_guidance(somewhere to put knife)
2. exploration_planner()

3. object_grounding(somewhere to put knife)

[Scheduler] #8

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1, slice
Apple 3. Next, | should: put Knife 1 to dining table, grasp a
sliced apple (hint: Apple 3), warm up a sliced apple, put a
sliced apple to garbagecan. The next subtask is put Knife 1
to dining table. | have already found the target object
(dining table), now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(put Knife 1 to dining table)

3. experience_summarization(put Knife 1 to dining table)

[Scheduler] #9

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1, slice
Apple 3, put Knife 1 to DiningTable 1. Next, | should: grasp
a sliced apple (hint: Apple 3), warm up a sliced apple, put a
sliced apple to garbagecan. First, | need to find a sliced
apple (hint: Apple 3).

Query: 1. exploration_guidance(a sliced apple (hint: Apple
3))

2. exploration_planner()

3. object_grounding(a sliced apple)

[Scheduler] #10

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1, slice
Apple 3, put Knife 1 to DiningTable 1. Next, | should: grasp
sliced apple, warm up sliced apple, put sliced apple to
garbagecan. The next subtask is grasp sliced apple. | have
already found the target object (sliced apple), now | can
manipulate it.

Query: 1. scene_description()

2. manipulation_planner(grasp sliced apple)

3. experience_summarization(grasp sliced apple)

[Scheduler] #11

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1, slice
Apple 3, put Knife 1 to DiningTable 1, grasp AppleSliced.
Next, | should: warm up AppleSliced, put AppleSliced to
garbagecan. First, | need to find some tool for heating
apple.

Query: 1. exploration_guidance(some tool for heating apple)

2. exploration_planner()
3. object_grounding(some tool for heating apple)

[Exploration Guidance]
target DiningTable 1

[Action Decoding]
find a DiningTable
1

[Object Grounding]
[{"bbox_2d": [0, 287, 499, 499],
"label": "dining table"}]

Action execution (step #7)

[Action Decoding]
put down the
object in hand

[Experience Summarization]
You successfully put Knife 1 to
DiningTable 1.

[Scene Description]
There are a salt shaker,
a bowl, a fork, a lettuce,
two sponges, a bread

on the dining table.
Action execution (step #8)
[Exploration Guidance] [Action Decoding] [Object Grounding]
target Apple 3 find a Apple 3 [{"bbox_2d": [265, 397, 328, 459],

"label": "sliced apple"}, {"bbox_2d":
[256, 381, 281, 450], "label":
"sliced apple"}, {"bbox_2d": [275,
377, 328, 404], "label": "sliced
apple"}]

Action execution (step #9)

[Scene Description] [Action Decoding] [Experience Summarization]
There are an apple, pick up the You successfully grasp
three sliced apples in AppleSliced AppleSliced.
the garbage can.

Action execution (step #10)
[Exploration Guidance] [Action Decoding] [Object Grounding]

find a Microwave 1 [{"bbox_2d": [64, 181, 495, 417],

"label": "microwave"}]

target Microwave 1

Action execution (step #11)

Figure 17. A visualization of the generated plan on EB-ALFRED (long horizon split), part 2.



Instruction: Warming up an apple slice and put it in a garbagecan.

[Scheduler] #12 [Action Decoding]
Think: The task is 'Warming up an apple slice and put it in . open the Microwave 1,
a garbagecan'. | have already done: grasp Knife 1, slice ﬁ::::ﬁﬁgmz]ve put down the object in
Apple 3, put Knife 1 to DiningTable 1, grasp AppleSliced. The microwave is hand, close the

Next, | should: heat AppleSliced with microwave, put closed Microwave 1, turn on
AppleSliced to garbagecan. The next subtask is heat : the M'C"Qane 1, turn
AppleSliced with microwave. | have already found the off the Microwave 1,
target object (microwave), now | can manipulate it. open the M'°"°Waé’? 1,
Query: 1. exploration_guidance(heat AppleSliced with pick up the AppleSliced,
microwave) close the Microwave 1
2. exploration_planner()
3. object_grounding(heat AppleSliced with microwave) Action execution (step #12-19)

[Experience Summarization]
You successfully heat
AppleSliced with Microwave 1.

[Scheduler] #13

Think: The task is 'Warming up an apple slice and put it in
a garbagecan'. | have already done: grasp Knife 1, slice
Apple 3, put Knife 1 to DiningTable 1, grasp AppleSliced,
heat AppleSliced with Microwave 1. Next, | should: put
AppleSliced to garbagecan. First, | need to find
garbagecan.

Query: 1. exploration_guidance(garbagecan)

2. exploration_planner()

3. object_grounding(garbagecan)

[Exploration Guidance]  [Action Decoding]
target GarbageCan 1 find a GarbageCan 1

[Object Grounding]
[{"bbox_2d": [142, 345, 340, 499],
"label": "garbage can"}]

Action execution (step #20)

[Scheduler] #14

Think: The task is 'Warming up an apple slice and put it in - 0 "

a garbagecan'. | have already done: grasp Knife 1, slice !ﬁ:,gea?::ﬁn:gtgn;n Eﬁj?:joor\'/vaetﬁ:dmg]

Apple 3, put Knife 1 to DiningTable 1, grasp AppleSliced, R ! Lo |
heat AppleSliced with Microwave 1. Next, | should: put BT i EEEgD oicclilband Task Success!

AppleSliced to garbage can. The next subtask is put can. |

AppleSliced to garbage can. | have already found the Action execution (step #21)
target object (garbage can), now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(put AppleSliced to garbage can)

3. experience_summarization(put AppleSliced to garbage

can)

Figure 18. A visualization of the generated plan on EB-ALFRED (long horizon split), part 3.



Instruction: Place a mug with a fork in it onto the round kitchen table

[Scheduler] #1

Think: The task is 'Place a mug with a fork in it onto the
round kitchen table'. | am at the beginning of the task. |
should: grasp fork, put fork to mug and grasp mug, put
mug to round kitchen table. First, | need to find fork.
Query: 1. exploration_guidance(fork)

2. exploration_planner()

3. object_grounding(fork)

[Scheduler] #2

Think: | failed to find the target object in the previous
exploration stage. | should try again by exploring
somewhere else for the same target object.

Query: 1. exploration_guidance(fork)

2. exploration_planner()

3. object_grounding(fork)

[Scheduler] #3

Think: The task is 'Place a mug with a fork in it onto the
round kitchen table'. | should: grasp fork, put fork to mug
and grasp mug, put mug to round kitchen table. The first
subtask is grasp fork. | have already found the target
object (fork), now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(grasp fork)

3. experience_summarization(grasp fork)

[Scheduler] #4

Think: The task is 'Place a mug with a fork in it onto the
round kitchen table'. | have already done: grasp Fork 2.
Next, | should: put Fork 2 to mug and grasp mug, put mug
to round kitchen table. First, | need to find mug.

Query: 1. exploration_guidance(mug)

2. exploration_planner()

3. object_grounding(mug)

[Scheduler] #5

Think: The task is 'Place a mug with a fork in it onto the
round kitchen table'. | have already done: grasp Fork 2.
Next, | should: put Fork 2 to mug and grasp mug, put mug
to round kitchen table. The next subtask is put Fork 2 to
mug and grasp mug. | have already found the target object
(mug), now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(put Fork 2 to mug and grasp mug)
3. experience_summarization(put Fork 2 to mug and grasp
mug)

[Scheduler] #6
Think: The task is 'Place a mug with a fork in it onto the

round kitchen table'. | have already done: grasp Fork 2, put

Fork 2 to Mug 1 and grasp Mug 1. Next, | should: put Mug
1 to round kitchen table. First, | need to find round kitchen
table.

Query: 1. exploration_guidance(round kitchen table)

2. exploration_planner()

3. object_grounding(round kitchen table)

[Scheduler] #7
Think: The task is 'Place a mug with a fork in it onto the

round kitchen table'. | have already done: grasp Fork 2, put

Fork 2 to Mug 1 and grasp Mug 1. Next, | should: put Mug
1 to dining table. The next subtask is put Mug 1 to dining
table. | have already found the target object (dining table),
now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(put Mug 1 to dining table)

3. experience_summarization(put Mug 1 to dining table)

[Exploration Guidance]
target Fork 1

[Exploration Guidance]
target Fork 2

[Scene Description]
There is a fork in the
sink.

[Exploration Guidance]
target Mug 1

[Scene Description]
There is a mug on the
countertop.

[Exploration Guidance]
target DiningTable 1

[Scene Description]
There are a soap
bottle, a bread, a fork,
a house plant, a
sponge, an apple, a
pepper shaker on the
dining table.

[Action Decoding]
find a Fork 1

Action execution (step #1

[Action Decoding]
find a Fork 2

Action execution (step #2)

[Action Decoding]
pick up the Fork 2

Action execution (step #3,

[Action Decoding]
find a Mug 1

)

)

Action execution (step #4)

[Action Decoding]
put down the
object in hand,
pick up the Mug 1

Action execution (step #5-6)

[Action Decoding]
find a DiningTable
1

Action execution (step #7)

[Action Decoding]
put down the
object in hand

Task Success!

I

Action execution (step #8)

[Object Grounding]
Not found

[Object Grounding]

[{"bbox_2d": [169, 335, 352, 370],

"label": "fork"}]

[Experience Summarization]
You successfully grasp Fork 2.

[Object Grounding]

[{"bbox_2d": [267, 231, 358, 347],

"label": "mug"}]

[Experience Summarization]
You successfully put Fork 2 to

Mug 1 and grasp Mug 1.

[Object Grounding]

[{"bbox_2d": [0, 285, 499, 499],

"label": "dining table"}]

Figure 19. A visualization of the generated plan on EB-ALFRED (visual appearance split).



Instruction: put a hot cup in cabinet

[Scheduler] #1

Think: The task is 'put a hot cup in cabinet'. | am at the
beginning of the task. | should: grasp cup, heat cup, put
cup to cabinet. First, | need to find cup.

Query: 1. exploration_guidance(cup)

2. exploration_planner()

3. object_grounding(cup)

on CounterTop 1

[Scheduler] #2

Think: | failed to find the target object in the previous
exploration stage. | should try again by exploring
somewhere else for the same target object.

Query: 1. exploration_guidance(cup)

2. exploration_planner()

3. object_grounding(cup)

[Exploration Guidance]
on CounterTop 2

[Exploration Guidance]

More exploration steps for the cup ...

[Scheduler] #8

Think: | failed to find the target object in the previous
exploration stage. | should try again by exploring
somewhere else for the same target object.

Query: 1. exploration_guidance(cup)

2. exploration_planner()

3. object_grounding(cup)

[Exploration Guidance]
In Sink 1

[Scheduler] #9

Think: The task is 'put a hot cup in cabinet'. | should: grasp
cup, heat cup, put cup to cabinet. The first subtask is grasp
cup. | have already found the target object (cup), now | can
manipulate it.

Query: 1. scene_description()

2. manipulation_planner(grasp cup)

3. experience_summarization(grasp cup)

[Scene Description]
There is a cup on the
countertop. There is a
cup in the sink.

[Scheduler] #10

Think: The task is 'put a hot cup in cabinet'. | have already
done: grasp Cup 1. Next, | should: heat Cup 1, put Cup 1
to cabinet. First, | need to find some tool for heating cup.
Query: 1. exploration_guidance(some tool for heating cup)
2. exploration_planner()

3. object_grounding(some tool for heating cup)

[Exploration Guidance]
target Microwave 1

[Action Decoding] [Object Grounding]
go to CounterTop 1 Not found
Action execution (step #1)
[Action Decoding] [Object Grounding]
go to CounterTop 2 Not found
Action execution (step #2)
[Action Decoding] [Object Grounding]
go to Sink 1 [{"bbox_2d": [109, 237, 140, 285],

"label": "cup"}, {"bbox_2d": [100,
236, 126, 284], "label": "cup"}]

Action execution (step #11)

[Action Decoding] [Experience Summarization]
take Cup 1 from You successfully grasp Cup 1.
Sink 1

Action execution (step #12)
[Action Decoding] [Object Grounding]

[{"bbox_2d": [101, 0, 499, 184],
"label": "microwave"}]

go to Microwave 1

Action execution (step #13)

Figure 20. A visualization of the generated plan on ALFWorld’s visual environment, part 1.



[Scheduler] #11

Think: The task is 'put a hot cup in cabinet'. | have already
done: grasp Cup 1. Next, | should: heat Cup 1 with
microwave, put Cup 1 to cabinet. The next subtask is heat
Cup 1 with microwave. | have already found the target
object (microwave), now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(heat Cup 1 with microwave)

3. experience_summarization(heat Cup 1 with microwave)

[Scheduler] #12

Think: The task is 'put a hot cup in cabinet'. | have already
done: grasp Cup 1, heat Cup 1 with Microwave 1. Next, |
should: put Cup 1 to cabinet. First, | need to find cabinet.
Query: 1. exploration_guidance(cabinet)

2. exploration_planner()

3. object_grounding(cabinet)

[Scheduler] #13

Think: The task is 'put a hot cup in cabinet'. | have already
done: grasp Cup 1, heat Cup 1 with Microwave 1. Next, |
should: put Cup 1 to cabinet. The next subtask is put Cup
1 to cabinet. | have already found the target object
(cabinet), now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(put Cup 1 to cabinet)

3. experience_summarization(put Cup 1 to cabinet)

Instruction: put a hot cup in cabinet

[Scene Description]
There is a microwave.
The microwave is
closed.

[Exploration Guidance]
target Cabinet 1

[Scene Description]
There is a cabinet. The
cabinet is open.

[Action Decoding]
heat Cup 1 with
Microwave 1

Action execution (step #14)

[Action Decoding]
go to Cabinet 1

Action execution (step #15)

[Action Decoding]

put Cup 1 to Task Success!
Cabinet 1

| |

Action execution (step #16)

[Experience Summarization]
You successfully heat Cup 1 with
Microwave 1.

[Object Grounding]
[{"bbox_2d": [180, 450, 197, 499],
"label": "cabinet"}]

Figure 21. A visualization of the generated plan on ALFWorld’s visual environment, part 2.



[Scheduler] #1

Think: The task is 'clean some cloth and put it in cabinet.". |
am at the beginning of the task. | should: grasp cloth, clean
cloth, put cloth to cabinet. First, | need to find cloth.

Query: 1. exploration_guidance(cloth)
2. exploration_planner()
3. object_grounding(cloth)

[Scheduler] #2

Think: | failed to find the target object in the previous
exploration stage. | should try again by exploring

somewhere else for the same target object.
Query: 1. exploration_guidance(cloth)

2. exploration_planner()

3. object_grounding(cloth)

[Scheduler] #3

Think: | failed to find the target object in the previous
exploration stage. | should try again by exploring

somewhere else for the same target object.
Query: 1. exploration_guidance(cloth)

2. exploration_planner()

3. object_grounding(cloth)

[Scheduler] #4

Think: The task is 'clean some cloth and put it in cabinet.". |
should: grasp cloth 1, clean cloth 1, put cloth 1 to cabinet.

The first subtask is grasp cloth 1. | have already found the
target object (cloth 1), now | can manipulate it.

Query: 1. scene_description()
2. manipulation_planner(grasp cloth 1)
3. experience_summarization(grasp cloth 1)

[Scheduler] #5

Think: The task is ‘clean some cloth and put it in cabinet.". |
have already done: grasp Cloth 1. Next, | should: clean
Cloth 1, put Cloth 1 to cabinet. First, | need to find some

tool for cleaning cloth.

Instruction: clean some cloth and put it in cabinet.

[Exploration Guidance]
on Toilet 1

[Exploration Guidance]
In Cabinet 1

[Exploration Guidance]
In Cabinet 2

[Scene Description]
There is a cloth 1. The
cabinet 2 is open.

[Exploration Guidance]
target SinkBasin 1

Query: 1. exploration_guidance(some tool for cleaning

cloth)

2. exploration_planner()

3. object_grounding(some tool for cleaning cloth)
[Scheduler] #6

Think: The task is ‘clean some cloth and put it in cabinet.". |
have already done: grasp Cloth 1. Next, | should: clean

[Scene Description]
There is a sinkbasin 1.

Cloth 1 with sinkbasin 1, put Cloth 1 to cabinet. The next
subtask is clean Cloth 1 with sinkbasin 1. | have already
found the target object (sinkbasin 1), now | can manipulate

it.
Query: 1. scene_description()

2. manipulation_planner(clean Cloth 1 with sinkbasin 1)
3. experience_summarization(clean Cloth 1 with sinkbasin

1)

[Scheduler] #7

Think: The task is ‘clean some cloth and put it in cabinet.". |
have already done: grasp Cloth 1, clean Cloth 1 with
SinkBasin 1. Next, | should: put Cloth 1 to cabinet. First, |

need to find cabinet.

Query: 1. exploration_guidance(cabinet)
2. exploration_planner()

3. object_grounding(cabinet)

[Scheduler] #8

Think: The task is ‘clean some cloth and put it in cabinet.". |
have already done: grasp Cloth 1, clean Cloth 1 with
SinkBasin 1. Next, | should: put Cloth 1 to cabinet 1. The
next subtask is put Cloth 1 to cabinet 1. | have already

[Exploration Guidance]
target Cabinet 1

[Scene Description]
There is a cabinet 1.
The cabinet 1 is open.

found the target object (cabinet 1), now | can manipulate it.

Query: 1. scene_description()

2. manipulation_planner(put Cloth 1 to cabinet 1)

3. experience_summarization(put Cloth 1 to cabinet 1)

You arrive at
toilet 1. On the
toilet 1, you see
a toiletpaper 3.

[Action Decoding]
go to Toilet 1

Action execution (step #1)

You open the

[Action Decoding] | Cabinet 1. The

go to Cabinet 1,
open Cabinet 1 Init, you see a

toiletpaper 1.

cabinet 1 is open.

Action execution (step #2-3)

You open the
cabinet 2. The
cabinet 2 is
open. Init, you
see a cloth 1.

[Action Decoding]
go to Cabinet 2,
open Cabinet 2

Action execution (step #4-5)

[Action Decoding] | You pick up the
take Cloth 1 from cloth 1 from the
Cabinet 2

cabinet 2.

Action execution (step #6)

You arrive at
sinkbasin 1. On
the sinkbasin 1,
you see nothing.

[Action Decoding]
go to SinkBasin 1

Action execution (step #7)

[Action Decoding] | You clean the
clean Cloth 1 with cloth 1 using the
SinkBasin 1 sinkbasin 1.

Action execution (step #8)

You arrive at

[Action Decoding] | - 1inet 1. The

go to Cabinet 1

In it, you see a
toiletpaper 1.

cabinet 1 is open.

Action execution (step #9)

[Action Decoding]
put Cloth 1 to
Cabinet 1

Task Success!

Action execution (step #10)

[Object Grounding]
Not found

[Object Grounding]
Not found

[Object Grounding]
Found cloth 1

[Experience Summarization]
You successfully grasp Cloth 1.

[Object Grounding]
Found sinkbasin 1

[Experience Summarization]
You successfully clean Cloth 1
with SinkBasin 1.

[Object Grounding]
Found cabinet 1

Figure 22. A visualization of the generated plan on ALFWorld’s textual environment.



