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Abstract

Vision-language models (VLMs) have shown strong percep-
tion and reasoning abilities for instruction-following embod-
ied agents. However, despite these abilities and their general-
ization performance, they still face limitations in environmen-
tal understanding, often failing on interactions or relying on
environment metadata during execution. To address this chal-
lenge, we propose a novel framework named Environmental
Understanding Embodied Agent (EUEA), which fine-tunes
four core skills: 1) object perception for identifying rele-
vant objects, 2) task planning for generating interaction sub-
goals, 3) action understanding for judging success likelihood,
and 4) goal recognition for determining goal completion.
By fine-tuning VLM with EUEA skills, our framework en-
ables more reliable task execution for instruction-following.
We further introduce a recovery step that leverages these
core skills and a group relative policy optimization (GRPO)
stage that refines inconsistent skill predictions. The recov-
ery step samples alternative actions to correct failure cases,
and the GRPO stage refines inconsistent skill predictions.
Across ALFRED tasks, our VLM significantly outperforms a
behavior-cloning baseline, achieving an 8.86% improvement
in average success rate. The recovery and GRPO stages
provide an additional 3.03% gain, further enhancing overall
performance. Finally, our skill-level analyses reveal key lim-
itations in the environmental understanding of closed- and
open-source VLMs and identify the capabilities necessary
for effective agent—environment interaction.

1. Introduction

Environmental understanding is a core capability for embod-
ied agents, enabling them to perceive, interpret, and inter-
act with the environment to achieve given tasks. Recently,
large language models (LLMs) and vision-language models
(VLMs) have demonstrated impressive performance in the
field of embodied agents [2, 7, 24, 38, 39], showing strong
understanding and reasoning capabilities. However, despite
their demonstrated abilities and generalization performance,
they still face limitations in achieving environmental under-

standing. Some prior embodied agent approaches [11, 12]
rely on complex modular pipelines that require separate
components, and other work [43] depends on environment
metadata (e.g., object IDs, masks) to execute actions. On
the other hand, end-to-end models often lack explicit envi-
ronmental interpretation capabilities [36—38]. As a result,
execution errors lead to task failures. To overcome these fail-
ures, existing recovery methods rely on the environment to
automatically validate outcomes [34] and predefined failure
types [10], or they depend on textual feedback [30], which
lacks the visual grounding essential for embodied agents.

To address these limitations, we propose the Environ-
mental Understanding Embodied Agent (EUEA), a novel
framework that bridges explicit skill modeling with end-to-
end learning. Unlike approaches requiring complex module
combinations, EUEA internalizes four core skills within a
single VLM, without separate module modeling: 1) object
perception for identifying relevant objects, 2) task planning
for generating interaction subgoals, 3) action understand-
ing for judging success likelihood, and 4) goal recognition
for determining goal completion. This explicit skill-level
supervision not only enables the model to perform visual
perception and decision-making within a single architecture
but also provides interpretability of its capabilities. Leverag-
ing this unified formulation, we introduce a sampling-based
recovery step without additional training that corrects failed
interactions. Furthermore, we propose a group relative pol-
icy optimization (GRPO) [29] stage that refines inconsistent
skill predictions via internal skill reward functions, thereby
improving interaction performance.

Embodied agents require navigation and interaction; the
latter is particularly challenging due to reliance on hand-
engineered components [21], making it difficult to gener-
alize. By integrating strong VLM perception and reason-
ing with our core skills, EUEA enables end-to-end interac-
tion for instruction-following. Our skill-based experiments
also reveal limitations in existing closed- and open-source
VLMs [4, 8, 22, 53] and highlight the capabilities necessary
for effective agent-environment interaction in instruction-
following. In summary, our contributions are as follows:
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Object Recognition

Q: What are the different objects shown
in this image?
A: 1 ToiletPaper, 1
o3 GarbageCan, 1 SoapBar, 1
KX CounterTop, 1 Towel

Object Detection for Interaction

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]

Subgoal Task Planning

Q: Your Main Goal: Move the pot with the green
sponge in it from the stove to the table.

Stepit4: Place the green sponge in the square pot on
the front right burner.” Current Step:

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

Step-by-step Action Planning

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.
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Joo) A: CloseObject|Microwav
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Action Success Prediction

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

ooy A: Yes, it will be effective.

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

& A: OpenObject|Microwave,
=N 120, 70, 997, 477)

Subgoal Recognition
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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
XX completed.

Main Goal Recognition
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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
B been successfully
XL completed.

Object Perception

Task Planning

Action Understanding

Goal Recognition

Figure 1. Overview of the four core skills of EUEA to enhance VLM’s environmental understanding and interaction. Each core skill
consists of two sub-skills, and we fine-tune the VLM in a single stage using the data from all skills. The colored boxes in each skill example
indicate the representations. Additional each skill’s examples template can be found in the supplementary material, Sec. B.

* We propose a novel EUEA framework that enhances the
VLM’s environmental understanding by integrating four
core skills without separate module modeling. Through
this unified, end-to-end learning approach, we enable the
VLM to perceive, make decisions, and perform tasks,
thereby effectively improving interaction performance.

* We further introduce a sampling-based recovery step that
leverages EUEA skills and a GRPO refinement stage. The
recovery step uses sampling to recover failure actions,
and the GRPO stage refines inconsistent skill predictions.
These provide an additional 3.03% improvement in aver-
age task success on ALFRED [31], beyond the 8.86% gain
from supervised fine-tuning.

* We provide the skill datasets of 1.24M and 3.7M total
samples and the skill evaluation benchmark using AL-
FRED [31] and LangR [36], along with a method for con-
structing skill datasets. Additionally, we evaluate the skill
performance of existing VLMs and demonstrate that our
approach achieves superior environmental understanding.

2. Related Work

Environmental Understanding. Environmental under-
standing is fundamental for successful embodied tasks
[17, 23, 45, 51]. Prior works has enhanced this capability
through object-based representations [ 15] and auxiliary mod-
ules [52]. In vision-language navigation, detection-based
scene representations [6], episodic memory for exploring
area [5], semantic voxel maps, and multi-view 3D reconstruc-
tion [25] improve spatial reasoning and navigation accuracy.

More recent works [27] also identifies objects using visual
tokens and defines action generation as skills, though they de-
pend on separate object predictors and generate only the next
action, without the ability to anticipate future state changes.
Despite these advances, prior approaches [9, 16, 33, 42] gen-
erally improve environmental understanding through few-
shot examples. g 5 [17] performs instruction-following in
real environments through open-world generalization, but it
lacks explicit environmental interpretation capabilities. In
contrast, our EUEA framework defines the entire instruction-
following process as a set of skills based on a partially ob-
servable Markov decision process (POMDP) [19], and inte-
grates them into a single VLM via fine-tuning. This enables
the VLM to perform end-to-end learning and to handle var-
ious functions such as perception, goal recognition, action
planning, and future state anticipation in a unified structure,
without requiring complex module combinations. Through
this unified design, our method provides an integrated path-
way toward robust environmental understanding.

Interaction-Level Correction and Refinement. Recent
works has explored improving embodied agents by correct-
ing errors during interaction through action-level repair [10]
or planning-time refinement [42]. Existing methods recov-
ers from failure by modifying the generated code using an
inputted reason inferred from a fine-tuned model [10], detect
errors using self-feedback without visual grounding [30], or
recover the interaction at the subgoal level using fixed plans
[48], symbolic state verification [49]. Other LLM-based
planning methods refine the error by environment feedback



[34]. While these methods refine the errors, they generally
depend on predefined failure types [10], external environ-
ment feedback [34], detects failure using self-feedback based
on action executability but it does not consider visual infor-
mation, thus cannot determine whether the action was actu-
ally successful [40]. In contrast, our approach recovers failed
actions through sampling and further refines the model’s re-
sponses in the GRPO [29] stage, generating alternative or
more confident action selections. This self-correction mech-
anism enables recovery without predefined failure types or
external feedback, relying instead on the model’s learned
environmental understanding. While prior studies [29, 46]
have primarily applied group-based reinforcement learning
(RL) to enhance reasoning ability, we employ it to further
correct actions in our framework. Recent work [13] has also
utilized group-based RL to stabilize multi-turn LLM agents.
Inspired by this work, we adopt a GRPO refinement stage to
stabilize EUEA skills and further improve task performance.
Our method not only achieves performance gains without
additional training via recovery step, but also yields further
improvements through additional reinforcement.

3. Method

Inspired by embodied datasets and benchmarks [18, 23, 26,
41, 47], we focus on equipping VLMs with grounded envi-
ronmental understanding for instruction-following tasks. To
achieve this, we define four core skills that are necessary for
step-by-step interaction based on a reward-free POMDP [19].
At each time step ¢, the VLM receives only a single im-
age frame f; and its accumulated past memory M. Infer-
ring all task-relevant information, such as visible objects v
from this partial view, the VLM selects the current action
a; € A, an interaction target o, and a bounding box b;
to achieve the main goal g € G. After the action is exe-
cuted, the entire interaction is recorded as a new memory
state m; = (ff,7 Vi, Pty A, O, bt, Tt, Sgt) The memory M
consists of these observations over time and includes a total
of T steps, represented as M = {mq,ma,...,mp},m; €
MVt € {1,2,...,T}. Here, p; is the agent’s position, r;
indicates the result of action at step ¢ including succeeded
or failed, and sg; is the subgoal corresponding to step ¢. Ex-
amples from our EUEA skills are shown in Figure 1. We
additionally introduce a recovery step via sampling, leverag-
ing EUEA skills to enable the VLM to recover from failures.
In Sec. 3.3, we further introduce a GRPO stage that refines
inconsistent skill predictions.

3.1. Environmental Understanding Skills

The instruction, denoted as Iskyr 1, is tailored for each skill
to produce the intended outcome and includes eight distinct
skills: object recognition (Ipg), object detection (Ipp),
subgoal task planning (/g7 p), step-by-step action planning
(Isap), action success prediction (I 45p), action ground-
ing (I4¢), main goal recognition (Igr ), and subgoal

main

recognition (Igr,,,). These instructions are provided in the
supplementary material, Sec. B.

Object Perception. The object perception skill consists
of object recognition (OR) and object detection (OD), both
of which support interaction. OR identifies objects present
in the observed image, while OD detects a bounding box
for an object relevant to a given current goal. These skills
allow a VLM to recognize and localize them with a bounding
box, enabling low-level control interaction. OR and OD are
respectively formulated by the following equations:

vy = m9(lor, ft) (la)
bt = F@(IODaSgtaataohft) (lb)

Where 7y denotes the VLM-based agent, and b, refers to the
bounding box for the object o;.

Task Planning. Task planning is divided into subgoal
task planning (STP) and step-by-step action planning (SAP)
skills. STP generates subgoals to achieve a given main goal,
while SAP generates an action to achieve a given current
goal. These skills enable the VLM not only to identify the
given main goal and plan interaction subgoals, but also to
generate actions by taking k£ past memory information, al-
lowing it to interact with the environment as a performer to
achieve the task. These skills formulated by the following
equations:

sgn = mo(IsTp, M) (2a)
ag, Ot = TQ(ISAPaftvvhphsgtvmt—k:t—l) (Zb)

Where sg,, denotes the nth subgoal generated by STP.

Action Understanding. We assume that meaningful envi-
ronmental understanding requires a VLM to anticipate the
outcomes of its actions and to describe the resulting state
changes in the environment. To support this capability, we
design three skills: action success prediction (ASP), future
situation captioning (FSC), and action grounding (AG). ASP
predicts whether an action will succeed or fail in the current
situation. FSC is an extended ASP skill that allows VLM
to describe the expected changes resulting from a given ac-
tion. AG allows VLM to predict which action was executed
between given two images. To build these skills, especially
ASP and FSC, the dataset must contain sufficient failure
examples, but expert demonstrations primarily include suc-
cessful interactions. To address this imbalance, we gener-
ate failure-rich data through random exploration, where the
VLM performs zero-shot random actions within the discrete
action space. This process yields diverse successful and
failed interactions across scenes. FSC data is additionally
constructed by generating captions that explain the differ-
ences between pre- and post-action images using both expert
trajectories and random-exploration memory as shown in
the Figure 2. These skills are designed to predict action
success, allowing the VLM to implicitly learn the constraints
of interacting with the environment, thereby enhancing its



Describe the differences resulting from '@, ' performed on ' 04 " with ' bt',
without referencing Image 1 or Image 2 directly. Focus exclusively on

Prompt changes in object state, and summarize these in a single, concise
paragraph.
==
24 -
Input Vision Language
fra Model ft
The 'CloseObiject' 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,
Output

altering its visual presentation to show a closed front. The interior of the
microwave is no longer visible, and the object's overall appearance

shifts to reflect a closed appliance.

Figure 2. Approach for generating data for environmental un-
derstanding. We construct future situation captioning dataset that
enables the prediction of captions describing changes between two
images f:—1 and f;, from a single image f:—1.

understanding of the environment. ASP, FSC, and AG are
respectively formulated by the following equations:

ASP, = mg(Lasp,as, 01, s, fr)  (32)
FSCt :7T9(IFSC7a‘t7Otabt7ft) (3b)
at—1,0¢—1,b4—1 = 7T6'(IAGa ftflzt) (3c)

Where ASP; represents the predicted result of an action
at step ¢, including "Yes" or "No", while F'SC; denotes a
caption describing the predicted outcome of the action at
step t. Irgc is the instruction input to FSC.

Goal Recognition. Goal recognition is the skill that enables
an agent to determine whether a subgoal or main goal has
been achieved. The VLM learns to determine the achieve-
ment of the subgoal based on the main goal, or the achieve-
ment of the main goal, enhancing its understanding of the
given task. GR,,qin and G R, are respectively formulated
by the following equations:

GRmain = Ty (IGRmain ) M) (43')
GRsub = Tp (IGRsuba SGt, At —mn:t, ftfn:t) (4b)

Where G R,,qin represents the predicted result for the main
goal, including "Yes" or "No", while GRs,,;, similarly rep-
resents the predicted result for the subgoal, also including
"Yes" or "No". a;_n.¢+ and f;_,.; denote the actions and
frames corresponding to the past n steps of information and
current step ¢ from the given subgoal sg;, including step .
This formulation allows the VLM to recognize both its abil-
ity to accomplish the overarching main goal and its progress
in achieving intermediate subgoals, thereby improving over-
all task understanding. In particular, this G Ry,,;, enables the
model to decide when to move to the next subgoal.

Skill Dataset Construction. We use two instruction-
following benchmarks to construct our skill datasets: AL-
FRED [31], built on AI2-THOR [20], and LangR rearrange-
ment benchmark [36], built on Habitat 2.0 [35]. ALFRED

consists of 8,055 expert demonstrations, 25,743 human anno-
tations, and 428k image-action pairs, while LangR includes
150k episodes and 55k instructions. From these benchmarks,
we collect environmental observations from image-action
pairs and annotations, and design prompt templates to con-
struct the four core skill datasets that support environmen-
tal understanding. To assess generalization to unseen envi-
ronments, we additionally sample 31 of the 108 ALFRED
training scenes and 42 of the 84 LangR training scenes. Us-
ing this data, we build four skill datasets containing 382k
training, 858k validation, and 5.3k evaluation samples for
ALFRED, and 906k training, 2.8M validation, and 4.4k eval-
uation samples for LangR. Across ALFRED and LangR, the
fine-tuning sets include 108k and 237k samples for object
perception, 25k and 144k for task planning, 217k and 471k
for action prediction, and 29k and 52k for goal recognition.
The evaluation sets contain 1k and 1k samples for object
perception, 1.2k and 2k for task planning, 2.1k and 1k for
action prediction, and 1k and 0.5k for goal recognition. The
full data templates and collection pipeline are detailed in the
supplementary material, Sec. B.

3.2. Recovery Step via Sampling

Despite utilizing fine-tuned skills such as step-by-step action
planning (SAP) and object detection (OD) to interact with
the environment, interaction failures can still occur. To ad-
dress this, we introduce a Recovery Step, which is triggered
when action fails. In this step, the VLM agent 7y samples
alternative actions using SAP skill. The sampled output dif-
fers from the failed one but remains aligned with the given
goal, guided by the corresponding instruction Is4p. This
alternative actions are selected based on the score equation:

st = —logmg(as,i, 005 | Isap, Mi—k:t) )

Where i is sampling index, and the score s; ; is the negative
log-likelihood of the SAP skill from Equation 2b. Since
the my generates actions conditioned on the given goal, the
predicted probability can be interpreted as goal-achievement
confidence, allowing 7y to select the most promising action
for the given goal.

To recover from failure, we conduct n SAP to generate
new candidate actions a; ; with objects o, ;. When 7y as-
signs a high probability to a sampled action-object pair, the
score sy ; is close to zero. If all sampled action—object pairs
correspond to the same previously failed action, we instead
perform OD n times and compute the score s; for the pre-
viously failed action—object pair using Equation 5 similarly.
After sampling n times, 7y selects either an action-object
Pair dpew, Onew Or a bounding box by, with the lowest
score to interact with the environment. If an action-object
pair is selected, we perform OD to obtain the corresponding
bounding box b,,¢,,. This step ensures recovery from two
types of failure scenarios through sampling without addi-
tional training.



3.3. GRPO Refinement Stage

Although supervised fine-tuning (SFT) on the our four skills
improves environmental understanding, the VLM can still
produce incorrect decisions. To address this issue, we intro-
duce a GRPO [29] refinement stage that reduces inconsistent
responses through rule-based rewards. This framework en-
ables the VLM to further enhance its understanding of the
environment.

Reward Function. We define reward functions using task-
specific correctness metrics, including metrics based on in-
tersection of union (IoU), the Jaccard index, and action-
sequence order. The total reward function is given by:
Riotal = Rop + Rrp + Rau + Rgr, where Rop, Rrp,
R4y, and Rgp are the reward functions for the four core
skills: object perception (R p), task planning (R7p), action
understanding (R 4¢7), and goal recognition (Rgr). Since
each input instance corresponds to a single skill, the rewards
for all other skills are set to zero. Rpp uses the Jaccard
index to reward correct predictions for the OR subskill and
applies an IoU based reward for bounding boxes in OD. R p
assigns rewards based on the correctness of the predicted
action-object pair in SAP and the correctness of the predicted
action sequence order in STP. R 4¢; rewards correct success
predictions in ASP and FSC. In AG, it combines the correct-
ness of the action-object pair used in SAP and OD with an
IoU weighted reward for the bounding box. Finally, Rgr
provides rewards based on the correctness of both main goal
and subgoal predictions. The detailed reward values and the
complete formulation of all reward functions are provided in
supplementary material, Sec. C.

Dataset construction and Strategy. We use the previously
created validation set to collect eight response samples for all
data and then filter out the ambiguous cases. Our sampling
strategy proceeds as follows: 1) Sampling eight responses
for each data instance. 2) Counting the number of correct
responses c for each instance. 3) Selecting instance whose
normalized standard deviation of rewards, exceeds a thresh-
old 7. This allows us to construct a compact dataset of
around 10k instances on ALFRED [31], consisting only of
cases where the model shows uncertainty, without using
the entire validation set. Even with this smaller but com-
pact dataset, this stage improve the VLM’s decision-making
ability by refining ambiguous responses.

4. Experiments
4.1. Experimental Setup

Training Details. We use InternVL3-8B [53] as our main
VLM for ALFRED [31] and LangR [36], due to their strong
multi-modal understanding, scalability, and support for mul-
tiple image inputs. To assess the contribution of our environ-
mental understanding skills, we also train a behavior cloning
(BC) baseline in which all skills are removed except OD,
SAP, GRsyp- In SFT stage, we full fine-tune all VLMs for 1

epoch each using 8 A100 80GB GPUs, following the their
training scripts [8, 50, 53]. The vision encoder is frozen,
while the MLP and LLM components are fine-tuned. We
set the batch size to 128, the max sequence length to 8192.
In the GRPO stage, we fine-tune InternVL3-8B with LoRA
[14] for 5 out of 10 epochs due to early stopping, using 2
A100 80GB GPUgs, following DAPO [46] hyperparameter
setting. We set the batch size to 64 and the max sequence
length to 8192.

Task Evaluation. To evaluate whether the learned skills
improve VLM’s task performance, we evaluate our mod-
els on ALFRED [31], which provides clearly defined state
changes for robust task evaluation, including long-horizon
interaction tasks. We follow ALFWorld [32] by using 134
instruction-following tasks grounded in ALFRED states, and,
motivated by EMMA [43] which emphasizes the value of
human-annotated free-form instructions, we augment them
with additional free-form variants, yielding 429 evaluation
tasks in total. These tasks are categorized into six type: Ex-
amine in Light (Look), Pick&Place (Pick), Pick Two&Place
(Pick Two), Clean&Place (Clean), Cool&Place (Cool), and
Heat&Place (Heat). We exclude LangR [36] from task eval-
uation because its trajectories often include interactions with
non-visible objects, creating scenarios that are incompatible
with our setting where the agent may act only on visible
observations. We construct an instruction-following pipeline
where VLM takes only instructions and observed images
from the environment as inputs, while storing and utilizing
intermediate outputs in memory to perform sequentially. We
categorize the given subgoals into two types: Navigation
and Interaction. In the Navigation phase, the agent fol-
lows PDDL expert actions while gathering environmental
information through O R. During the Interaction phase, the
agent generates actions to achieve subgoals through SAP,
subsequently predicts the target object and its correspond-
ing bounding box through O D, and executes the interaction
with the environment based on these predictions. We treat
an action as failed when the image does not change, which
fits discrete-action settings with distinct visual transitions.
This cycle continues until all given subgoals are completed,
using G Rg,,. We set k to 4 for the memory input and n to
10 for the recovery step.

Skill Evaluation. To evaluate how effective VLMs are in
generating interactions for embodied Al, we propose an eval-
uation benchmark based on four key skills, each skill has
two metrics: 1) Object Grounding evaluates object identifi-
cation accuracy based on count and inclusion correctness. 2)
Object Detection measures bounding box accuracy using
Intersection over Union (IoU). 3) Planning evaluates gen-
erated and ground-truth subgoals via cosine similarity with
a BERT-based transformer [28]. 4) Step-by-Step checks if
both the action and object match the ground truth. 5) Action
Prediction evaluates "Yes" or "No" response accuracy for



Table 1. Comparison of task success rates with instruction-following VLM Table 2. Comparison of recovery methods for task

Agents. * indicates that they are from the reported results [31, 43].

evaluation. We evaluate task performance by com-
paring different recovery methods. Env Feedback

Task Success Rate

adds external environment feedback when it failed.

VLM Agent

Avg. Look Pick PickTwo Clean Cool Heat
EMMA* [43] 67.83 66.67 7195 7593 6531 5556 71.80 Recovery Method _uceess Rate  Goal Condition
Human Performance™ [31] 91.00 - - - - - - SFT GRPO SFT GRPO
BC (InternVL3-8B) 7459 88.89 73.17 57.41 6224 96.83 75.64 Ours 83.45 8578 88.42  90.17
Ours (SFT) 83.45 90.74 86.59 75.93 65.31 9841 91.03 w/ Env feedback 85.78 8578 90.09 90.17
Ours (GRPO) 8578 90.74 8537 85.19 7449 9841 87.18 w/Recovery Step 8578 8648 89.74  90.48

Table 3. Skill evaluation results of closed- and open-source VLMs. We evaluate both closed- and open-source models using the evaluation
dataset generated from four skills utilizing ALFRED [31] and LangR [36]. Detection is measured using loU, Planning is evaluated using a
BERT-based transformer [28] with cosine similarity between subgoals, and all other skills are evaluated based on accuracy. Navigation*
represents three additional sub-skills for navigation. Ours* indicates the InternVL3-8B VLM fine-tuned with ALFRED skills.

ALFRED Model Object Perception Goal Recognition Action Understanding Task Planning
Grounding Detection Main Sub Prediction  Grounding Planning Step-by-step

GPT-5 51.45 24.34 92.20 73.80 81.48 28.86 0.801 71.52
GPT-03 57.28 29.55 94.80 80.60 86.75 31.76 0.796 77.41
Closed Claude-4.5-Sonnet 38.05 1.54 90.80 65.80 51.60 62.55 0.812 46.15
Gemini-2.5-Flash 45.00 43.15 88.60 66.80 69.45 32.53 0.799 74.80
Gemini-2.5-Pro 63.53 60.75 86.20 80.20 85.43 31.08 0.819 85.76
LLaVA-OneVision-7B [22] 22.19 18.19 69.60 68.00 71.05 44.88 0.695 6.87
InternVL2.5-8B [8] 30.90 8.79 67.00 76.20 68.70 47.39 0.608 0.82
Open InternVL3-8B [53] 33.70 26.68 71.80 77.40 68.80 48.26 0.742 442
Qwen2.5-VL-7B [4] 28.15 1.82 84.00 73.00 48.78 49.61 0.764 39.44
Qwen3-VL-8B [3] 48.99 51.79 89.40 80.20 76.50 67.18 0.815 45.34
BC (InternVL3-8B) 78.01 73.94 71.80 83.00 63.25 9.27 0.630 98.53
Ours (InternVL3-8B) 75.84 81.73 99.40 98.60 96.80 89.09 0.894 98.20

LangR Model Object Perception Goal Recognition  Action Understanding Task Planning

Grounding Detection Main Prediction Grounding Navigation®*  Step-by-step

GPT-5 35.07 12.35 87.40 62.50 28.29 60.53 88.02
GPT-03 35.17 20.77 95.80 72.96 27.30 59.67 85.57
Closed Claude-4.5-Sonnet 24.96 0.00 64.40 38.27 21.50 43.80 89.00
Gemini-2.5-Flash 30.43 24.08 94.40 71.94 27.55 59.20 77.26
Gemini-2.5-Pro 45.68 59.77 95.40 82.14 30.35 38.80 97.07
LLaVA-OneVision-7B [22] 11.15 8.52 53.00 42.60 0.19 39.53 40.34
InternVL2.5-8B [8] 25.99 1.12 75.00 44.00 12.59 47.53 30.32
Open InternVL3-8B [53] 29.03 8.62 74.60 48.00 13.10 52.90 69.68
Qwen2.5-VL-7B [4] 21.64 0.00 64.00 36.22 22.04 57.07 79.46
Qwen3-VL-8B [3] 38.41 29.94 91.00 63.27 27.22 60.60 72.13
Cross Ours* (ALFRED-tuned) 26.81 58.35 86.60 77.81 47.52 - 77.06
BC (InternVL3-8B) 86.59 88.93 100.00 38.78 14.14 73.67 98.04
Ours (InternVL3-8B) 86.50 93.20 100.00 100.00 49.84 74.07 99.27

action success. 6) Action Grounding verifies whether the
model correctly identifies action, object, and bounding box
across images. 7) Goal Recognition (Main & Sub) evalu-
ates yes/no response accuracy for goal completion. We evalu-
ate our fine-tuning dataset generated with ALFRED [31] and
LangR [36] using both open source VLMs [4, 8, 22, 53] and
closed state-of-the-art VLMs [ 1]. Additionally, in LangR, we
define three sub-skills for navigation: 1) identifying where
to go in order to perform actions such as "Pick" or "Place"
in rearrangement tasks, 2) selecting the target object, and 3)
selecting the destination.

Due to space limits, we provide detailed descriptions
of the sub-skills, evaluation prompts for all skills, and the
pipeline algorithm in the supplementary material, Secs. B-E.

4.2. Result

Task Evaluation. Table | compares our VLMs with the BC
baseline on task evaluation using ALFRED [31]. Our VLMs
show significant improvements on most tasks over the BC
baseline, achieving average task-success gains of 8.86% and
10.96% in the SFT and GRPO stages, respectively. This
indicates that the four core skills enhance environmental
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Figure 3. Ablation study on our proposed skills for task evalua-
tion. We evaluate task performance by conducting an ablation study
on the proposed skills that impact environmental understanding.
AG refers to action grounding, F'SC to future situation captioning,
AU to action understanding, ST'P to subgoal task planning, and
G R rain to main goal recognition, respectively.

understanding, with the GRPO stage further refines incon-
sistent responses, where correct and incorrect predictions
alternate, leading to even stronger environmental understand-
ing. Although EMMA [43] extends ALFWorld [32] to a
vision-based setting, it relies on high-level interactions and
environment metadata, and operates without subgoals. In
contrast, our model depends solely on visual observations
and low-level actions given subgoals, making the interac-
tion setting more demanding while still achieving strong
fine-grained performance.

Comparison of Recovery Methods. We conduct a compar-
ative analysis to evaluate the effect of our recovery method
on task performance compared to the baseline. The baseline
recovery relies on additional external environment feedback
after failures to guide recovery. We include this baseline
for comparison, as prior works either utilize environmental
feedback directly [34], train models through such feedback
[40], or define failure types [10] that can be attributed to
environmental feedback. Table 2 shows that our recovery
step achieves the highest task success rate for both SFT and
GRPO stage, especially outperforming oracle feedback in
GRPO stage. This indicates that, rather than relying on
external environmental feedback, sampling based on the
agent’s environmental understanding can achieve compara-
ble or even superior performance.

Skill Evaluation. Table 3 presents the evaluation results
of the skill datasets using ALFRED and the photorealistic
LangR [36] benchmarks. Across both benchmarks, Gemini-
2.5-Pro achieves the strongest zero shot performance in most
skills despite not being trained on either dataset. Its strong
reasoning ability improves skill prediction, particularly for
goal recognition and planning. In goal recognition, the per-
formance gap between Gemini-2.5-Pro and GPT-03, and
our fine-tuned model is only 4.6% in both skill benchmarks,
which is consistent with prior works [30, 34, 42, 44] showing
the strong planning capabilities of LLMs and VLMs.
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Figure 4. Comparison of VLM backbones on task evaluation.
We evaluate task performance using the InternVL2.5-series and
Qwen2.5-VL-series as backbones in SFT stage.

However, most zero-shot VLMs still lack environmental
understanding, resulting in limited accuracy in action suc-
cess prediction, action grounding, and object perception in
both skill benchmarks. In ALFRED’s step-by-step action
planning, Gemini-2.5-Pro reaches 85.76 percent accuracy,
meaning that nearly 14% of individual actions fail, which
often leads to task failure. This challenge becomes even
greater as the action space increases. In contrast, our model,
fine tuned on the four proposed skills, significantly improves
performance across all evaluations. By enhancing EUEA
skills, it outperforms the baselines and demonstrates stronger
performance on the skills that support instruction-following,
even in real world settings. Although BC shows similar or
slightly better results on some skills, these differences do not
lead to stronger task performance. These results highlight
the need for additional training to improve environmental
understanding, ensuring VLMs function as agents.

4.3. Analyses

Impact of Task Performance under Skill Ablation. We
analyze the impact of the proposed skills on task evaluation.
Figure 3 presents an ablation study on main goal recognition
(GRpr4in), action understanding (AU), action grounding
(AQG), future situation captioning (F'.SC), and subgoal task
planning (ST P), which are not explicitly used in the evalu-
ation pipeline. Removing each skill individually results in
task success rate drops of 2.33% for GRpsqin, 9-32% for
AU, 49% for AG, 1.86% for F'SC, and 2.8% for STP,
corresponding Ours SFT stage. These results show that re-
moving any skill drops performance, with AU having the
largest impact. This demonstrates that each skill contributes
meaningfully to task evaluation and that improved prediction
of environment changes leads to higher task success rate.

Analysis of Task Performance across VLM Backbones.
Figure 4 presents the task performance results of our method
after SFT using different VLM backbones, InternVL2.5-
series [8] and Qwen2.5-VL-series [4]. Our approach im-
proves the average success rate over the respective BC base-
lines for both series. Furthermore, even with models that
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Figure 5. Analysis of cases where the recovery step resolves a failed interaction. (a) shows when an incorrect detection is corrected,
allowing the action to succeed. (b) shows when an interaction fails, and an alternative action completes the given task successfully.

have about 50% fewer parameters, InternVL2.5-4B and
Qwen2.5-VL-3B, our method achieves notable performance
gains of 12.84% and 37.53%, respectively, compared to their
BC baselines. These results demonstrate that our approach
effectively enhances average task performance and remains
robust across different backbone scales.

Out-of-Distribution (OOD) Skill Evaluation. We evaluate
the VLM fine-tuned on the ALFRED skill dataset using the
LangR skill benchmark to evaluate cross-environment gener-
alization. Although both datasets contain Pick&Place inter-
actions, ALFRED has more diverse action space, whereas
LangR focuses only on simple, photorealistic Pick&Place re-
arrangement scenes. To address vocabulary mismatches,
we map actions and objects using a BERT-based trans-
former [28] (e.g., "Pick" to "PickupObject", "CoffeeTable"
to "Table"). As shown in Table 3, the ALFRED-tuned model
performs substantially lower than the LangR-tuned model,
which is expected given the distribution gap, but it still out-
performs the zero-shot InternVL3-8B on all skills except
object grounding. This result shows that the EUEA skills
transfer even under significant distribution shift, indicating
promising OOD generalization.

Qualitative Results on Recovery Step. Figure 5 demon-
strates how our recovery step helps the VLM complete tasks
despite failures. In Figure 5 (a), the model initially generates
an incorrect bounding box for an action-object interaction
(t = 17) but corrects it at ¢ = 18, achieving the subgoal
and completing the task. In Figure 5 (b), when a failure
occurs during execution, the VLM generates a new action
to complete the task. We observe that during multi-step in-
teractions, the VLM can repeat previous actions, possibly
due to token distribution flattening during SFT. The recovery
step mitigates this by generating both bounding boxes and
appropriate subsequent actions, improving task performance.

We provide additional failure cases, including analyses
of how removing individual skills affects performance on
each task, and present evaluation results on the validation
set in LangR, a performance analysis on data scaling, and an
ablation study on the memory input and recovery step count
in the supplementary material, Sec. F.

5. Conclusion

In this study, we propose a novel framework EUEA, which
fine-tunes four core skills to VLM that enable agents enhance
their environmental understanding. Our skill benchmark
shows that existing VLM s still exhibit limited environmental
understanding without specific environment skill fine-tuning.
Additionally, we introduce a recovery step that selects an
alternative action through sampling when an interaction fails,
and a GRPO stage that reduces inconsistent responses. These
approachs allow the model to successfully complete tasks,
achieving a high success rate of 86.48%. Our findings high-
light the importance of environmental understanding, skill
learning, the recovery step, and the additional refinement
stage in developing more reliable end-to-end agents.
Limitation and Future Work. This study evaluates task
performance and skill evaluation in a discrete environment,
which may limit a comprehensive understanding of state
transitions. Future work should extend this approach to con-
tinuous environments by incorporating video-based input,
enabling better tracking of environmental changes. Addi-
tionally, while this study focuses on interaction, low-level
navigation remains a crucial challenge for end-to-end agents.
Moreover, current models, including ours, often rely on
intuitive predictions rather than explicit reasoning, which
may lead to misunderstandings of the environment. We
believe that integrating reasoning mechanisms that utilize
past information and predict future outcomes would enhance
decision-making capabilities.
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