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Q: What action could be inferred from the
provided images?

Action Grounding

A: OpenObject|Microwave, 
[120, 70, 997, 477]

Q: If I apply the PutObject to the Sink in the
current situation, will it be successful?
The Sink's location is at [200, 233, 797, 433].

A: Yes, it will be effective.

Q: The current sub-goal to achieve is “Place the piece of
lettuce in the pot on the sink.”. The action to perform is
PutObject, and the object to interact with is Pot. Ground
one bounding box based on the information.

A: [330, 317, 593, 567]

Q: What are the different objects shown
in this image?

A: 1 ToiletPaper, 1
GarbageCan, 1 SoapBar, 1
CounterTop, 1 Towel

Q: Your Main Goal: Move the pot with the green
sponge in it from the stove to the table. ...,
Step#4: “Place the green sponge in the square pot on
the front right burner.” Current Step: 

A: Pick up the square pot
with the green sponge in it.

Q: Current main goal: Put a plate with a piece of apple
on it on a table. Current sub-goal to achieve: Put the
knife in the microwave. Generate the next action to
achieve the current sub-goal.

A: CloseObject|Microwave

Q: Your sub-goal is “Put the sponge in the
pan”. Have you achieved this sub-goal?

A: Yes, this sub-goal has
been successfully
completed.

Q: The main goal is “Grab the credit card on the
table, turn on the lamp”.
Have you been able to accomplish this?

A: Yes, this main goal has
been successfully
completed.
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Describe the differences resulting from '    ' performed on '    ' with '    ',
without referencing Image 1 or Image 2 directly. Focus exclusively on
changes in object state, and summarize these in a single, concise
paragraph.

The 'CloseObject' action on the 'Microwave' with the specified

bounding box results in the microwave door being closed. This change

affects the object state by making the microwave appear as if it is no

longer open, altering its visual presentation to show a closed front.

: Instruction for skill
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GRPO Refinement Stage
Sampling-based RL method that refines
inconsistent predictions across all skills
(except FSC) through rule-based reward
functions.
Reward function

Recovery Step
Samples alternative actions via the Step-by-
step Action Planning (SAP) skill when an
action fails. 
Score
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Environmental Understanding:
Embodied agents require
environmental understanding to
perceive, interpret, and interact
with their surroundings. 
Embodied agents face key
limitations: 1) modular pipelines,
2) metadata-dependent model,
and 3) limited explicit
environmental interpretation.

EUEA Framework: We
integrate four core skills into a
single VLM for end-to-end
environmental understanding.
Recovery Step & GRPO
Refinement: Sampling-based
recovery (no extra training) and
GRPO refinement of inconsistent
skill predictions yield additional
performance gains.
Skill Dataset & Benchmark: We
build 1.24M (ALFRED) and 3.7M
(LangR) skill samples and an
evaluation benchmark.

We augment EUEA skill data from trajectories of ALFRED and LangR, and 
Random Exploration Pipeline curates action failure data.

Our EUEA framework effectively improves task performance,
while our skill evaluation reveals limited environmental
understanding in existing VLMs.
Future Work: Future directions include extending EUEA to
continuous environments and real-world VLAs, expanding the
skill set, and integrating explicit reasoning over memory and
future states.

World modeling enables the VLM to
anticipate environmental changes.

Vision Language
Model

Can a single unified VLM
achieve end-to-end decision-

making through 
environmental understanding?

OP: Object Perception
TP: Task Planning

AU: Action Understanding
GR: Goal Recognition

: VLM Policy
: i-th generated action and object at t step

Task Evaluation

Skill Evaluation

Existing VLMs still remain limited in environmental understanding.

https://arxiv.org/abs/2604.19839
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