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Abstract— Most LLM-based embodied task planning systems
adopt a modular pipeline that separates perception from
planning: a vision model first produces a textual scene descrip-
tion, and a language model then determines the next action.
This separation introduces an information bottleneck in which
rich visual input is compressed into text, discarding spatial
relationships and fine-grained appearance cues. Moreover, the
decoupled architecture introduces redundant cross-modal pro-
cessing, where visual information is encoded into text and then
reinterpreted for planning, leading to increased latency and
memory overhead. We present One-Step Planner, a vision-
language model (VLM) that unifies perception and planning
in a single forward pass. By applying Low-Rank Adaptation
(LoRA), instruction tuning creates a direct perception-to-action
pathway that sharpens spatial attention toward task-relevant
objects. We evaluate on two partially observable benchmarks,
WAH-NL++ (a modified version of WAH-NL) and ALFRED,
and systematically compare the end-to-end architecture against
modular pipelines equipped with four different observer types.
One-Step Planner achieves up to 10% point higher task success
rates while reducing GPU memory usage by up to 44.6%.
Spatial-attention further shows that the model focuses on goal-
critical regions.

I. INTRODUCTION

Robust perception is a prerequisite for embodied agents
operating in unstructured environments. Recent systems in-
creasingly leverage vision-language models (VLMs) for end-
to-end perception and action [1], yet many existing embodied
agents, particularly those built on LLMs, still adopt a two-
stage pipeline that separates perception from planning [2],
[3]. In this design, a vision module first converts an ego-
centric image into a textual observation, which a language
model then ingests to select the next action.

This modular separation introduces several limitations.
First, converting rich visual input into text causes informa-
tion loss, specifically discarding spatial relationships, object
affordances, and fine-grained appearance cues. Second, the
decoupled architecture weakens the direct alignment between
visual inputs and action decisions, making it difficult to
trace how specific visual evidence influences each action.
Third, the decoupled design introduces redundant processing,
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Fig. 1. Two-step vs. One-step planning. The two-step pipeline separates
observation and planning into dedicated modules, while our One-Step
Planner integrates them into a single VLM forward pass.

where visual information is first encoded into text and then
reinterpreted for planning, increasing latency and memory
consumption.

We propose One-Step Planner, a VLM-based architecture
that integrates observation and action decision in a single
forward pass (Fig. 1). By applying instruction tuning with
LoRA [4] to both the visual encoder and the language
decoder [5], we create a direct pathway from images to
actions. This design mitigates the textual bottleneck, reduces
inference cost, and, notably, allows us to inspect how tuning
reshapes the model’s spatial attention for rigorous perception.

We make the following contributions with a focus on
perception robustness and interpretability:

o A One-Step Planner, that integrates observation and
planning in a single forward pass, providing a lossless
perception-to-action pathway with improved efficiency
and a simplified pipeline.

o Instruction tuning with LoRA that concentrates the
VLM’s spatial attention on task-relevant objects, sup-
ported by interpretability analysis of spatial attention
maps.

o Through experiments on two partially observable
benchmarks, we demonstrate that the One-Step Planner
achieves higher success rates with lower latency and
memory cost than modular pipelines.

II. RELATED WORK

Unified perception-planning. Embodied task planning
has widely relied on large language models, leveraging their
strong reasoning and commonsense knowledge to decompose
complex tasks into executable action sequences [2], [3]. But
these text-only planners must depend on external environ-
mental information, whether through visual grounding [3]



or simulator-provided states [6], introducing a modular per-
ception boundary that we identify as a key fragility point.
Vision-language models have been increasingly adopted to
close this gap, progressing from large-scale multimodal
reasoning [5] and hierarchical task decomposition [7] to gen-
eralist agents trained with supervised fine-tuning. However,
these approaches typically require multi-stage pipelines, and
often still decouple perception from decision-making.

Instruction tuning. Instruction tuning offers a lighter-
weight alternative, adapting VLMs for temporal ground-
ing [8], spatial reasoning [9], and visual chain-of-thought
reasoning [10], yet each targets an individual capability in
isolation. Our approach jointly tunes perception and planning
within a single forward pass through LoRA, eliminating the
modular boundary without requiring reinforcement learning
or auxiliary action representations.

III. ONE-STEP PLANNER
A. Preliminaries

At each time-step ¢, the agent receives an egocentric RGB
image o, a natural-language task instruction I, and a belief
buffer b; that records all past observations, actions, and
feedback:
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Here, 6; is a text observation summarizing the image o; at
step 4, a; is the action taken, and f; is the environment
feedback (success flag, error codes, etc.). In a conventional
two-step pipeline [2], an external observer E, first converts
0; into a textual observation:

0y = Eqﬁ(ot)» (2

which an LLM planner [2] then consumes to predict the next
action.

B. Unified Observation-Action Pipeline

Our One-Step Planner, as illustrated in Figure 2, replaces
the two-stage pipeline with a single VLM that jointly pro-
duces a textual observation o; and a high-level action a;
in one decoding pass. At each time-step ¢, the multimodal
prompt P, is constructed as:
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Fig. 2. Unified One-Step Planner Architecture. This fused perception-
decision step removes intermediate text bridges, cutting latency and tightly
coupling visual cues to action semantics.

where Psy defines the ReAct-style [2] output structure
with predefined atomic skills, [ is the task instruction, and
H contains environmental information, including the set
of rooms and their associated receptacles (e.g., coffee
table, kitchen cabinet). The model generates both
outputs in a single forward pass:

(04, at) ~ pvim(- | o8, P), @y € LU A, €]

where £ denotes free-form reasoning clauses (e.g., “Think:
First I need to find a frying pan.”) and A denotes the set
of environment actions (e.g., “Act: pick up frying pan 1”).
At each timestep, the belief buffer is updated as b;y; =
bt U (ét, dt, ft)

Post-processing for Action Matching. When a; € A,
we enumerate all valid skill-object combinations into a
predefined action set A, encode both a; and each candidate
using a sentence transformer [6], and select the candidate
with highest cosine similarity: a; = arg max,e 4 sim(a¢, a).
This ensures robustness to imprecise object names and minor
formatting inconsistencies.

C. Instruction Tuning for Perception

We adapt a VLM using LoRA [4], while keeping all
original weights frozen. This dual-side adaptation has two
perception-critical effects. (1) Vision-side adapters spe-
cialize image embeddings toward task-relevant affordance
cues, sharpening spatial attention to goal-critical regions.
(2) Decoder-side adapters bias attention toward concise
planner directives, ensuring that perceived visual evidence
is immediately reflected in action selection. Together, these
create a lossless perception-to-action pathway that avoids
the information bottleneck of two-step methods and reduces
hallucination risk.

IV. EXPERIMENTS
A. Experimental Setup

Benchmarks. We evaluate on two partially observable
embodied benchmarks. WAH-NL++ [11], [12] is built on
VirtualHome [13] and features 2,088 environments across
45 houses. We evaluate on 100 unseen test episodes. AL-
FRED [14] uses the AI2-THOR simulator [15] with 7 task
categories. We evaluate on the 820-task validated seen split.
Both benchmarks enforce egocentric partial observability.

Training data. We collect expert trajectories via in-
context learning with LLaMA 3.1-70B [16], using human-
collected successful trajectories as in-context demonstrations,
to generate candidate action sequences, retaining only suc-
cessful completions: 656 trajectories for WAH-NL++ and
695 for ALFRED. Each sample consists of an egocentric
image, a textual observation, the planner prompt, and the
correct next action.

LoRA Details. We finetune the VLM with LoRA (r=8,
a=16), injecting adapters into the gq/k /v /o projections and
MLP layers of both visual encoder and language decoder.

Evaluation Metrics. Evaluation metrics include Success
Rate (SR), Subgoal Success Rate (SSR), Action Latency
(AL), and Peak VRAM. SR measures the percentage of



TABLE I
PERFORMANCE COMPARISON ON WAH-NL++ AND ALFRED.

Env. Method SR(%) SSR(%) AL(s) VRAM(GiB)

VLM-TAMP [7] 3.0 9.0 8.53 23.48
WAH-NL++ ReAct [2] 48.0 62.0 4.57 37.76
One-Step 58.0 70.5 4.33 23.53

VLM-TAMP 6.34 - 4.41 30.81
ReAct 18.17 - 2.21 31.26
One-Step 22.56 - 2.07 17.32
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Action
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successfully completed tasks, while SSR evaluates progress
at the subgoal level. AL captures the average time required
to predict an action, and Peak VRAM measures the maxi-
mum GPU memory usage during inference. We terminate
an episode when the agent outputs done, or reaches the
predefined maximum number(/Ny,.x = 30) of steps.

B. Main Results

Table I shows that One-Step Planner achieves the highest
SR and SSR on both benchmarks. VLM-TAMP [7] shows
poor SR, as it assumes full observability of the entire scene,
making it ill-suited for partially observable environments
where forming a complete plan is challenging. In contrast,
ReAct [2] and One-Step Planner interleave perception and
action at every step, incrementally updating their belief from
new observations. Among these, One-Step Planner further
outperforms ReAct in SR and SSR on WAH-NL++, since
the unified perception-planning pathway operates directly on
visual features without a textual bottleneck and enables more
reliable visual grounding.

Efficiency gains are also substantial. In terms of AL, One-
Step Planner is markedly faster than VLM-TAMP, which
requires multiple VLM calls per step for subgoal generation
and replanning. One-Step Planner is also consistently faster
than ReAct, as it replaces the sequential observer—planner
pair with a single VLM forward pass. One-Step uses less
VRAM than ReAct because it replaces the separate observer-
planner pipeline with a single unified VLM. The gap varies
by benchmark because context length also affects memory.
WaH-NL++ has multi-room summaries and longer histories,
increasing One-Step’s VRAM, while ALFRED uses shorter
single-room contexts, making the relative reduction larger.

C. Perception Interpretability via Attention Analysis

Fig. 3 visualizes the spatial attention of the VLM before
and after LoRA tuning. Before adaptation, attention spreads
diffusely across irrelevant background regions such as floors,
walls, and non-target objects. After instruction tuning, at-
tention is sharply concentrated on the goal-relevant objects,
such as the potato inside the refrigerator.

This provides interpretable evidence that instruction tuning
actively reshapes the VLM’s internal perception, rather than
simply memorizing action mappings. The practical conse-
quence is that the model translates visual attention seamlessly
into task-relevant actions: when a target object enters the field
of view, the One-Step Planner directly acts on it, whereas the
two-step pipeline often detects the object in its observation

After
Tuning

Fig. 3.  Spatial attention maps before and after LoRA tuning. After
tuning, attention concentrates sharply on task-relevant objects (highlighted
by yellow boxes), demonstrating improved perceptual focus.

text but fails to act, because the textual representation lacks
spatial salience, leading to goal drift and task failure.

D. Ablation Study on Observer Types

To isolate the effect of modular perception on downstream
planning, we systematically vary the observer in the two-
step ReAct pipeline across four types: simulator ground
truth, VLM-based captioning, supervised object detection
(YOLOv12 [17]), and open-vocabulary detection (YOLO-
World [18]). Table II reveals three key findings:

(1) Instruction tuning is necessary but not sufficient.
Without LoRA-tuned planners, all modular configurations
fail (0-3% SR), even with ground-truth observations. This
shows that perception alone cannot compensate for an un-
trained planner.

(2) Observer choice affects robustness. Among tuned
planners, SR ranges from 41.0% (YOLO-World) to 55.0%
(ground truth, YOLOV12), confirming that modular pipelines
are fragile to the quality of the perception module. Notably,
YOLOvVI12 matches ground-truth performance but requires
expensive box annotations, creating a scalability bottleneck.

(3) End-to-end perception outperforms all modular
variants. The One-Step Planner (58.0% SR) surpasses even
the ground-truth-observer pipeline (55.0%). Modular base-

TABLE I
PLANNING PERFORMANCE BY OBSERVER TYPE (WAH-NL++).

Observer LoRA SR (%) SSR (%)
X 3.0 9.0
Ground Truth v 550 67.5
VLM X 0.0 35
(Qwen2.5-VL) v 48.0 62.0
Object Detector X 1.0 4.5
(YOLOv12 [17]) v 55.0 66.0
Open-Voca Detector X 0.0 1.5
(YOLO-World [18]) v 41.0 57.5
One-Step Planner v 58.0 70.5
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Fig. 4. Trajectory comparison: One-Step Planner vs. ReAct in WAH-NL++.
The One-Step Planner immediately acts on a visually detected target, while
ReAct suffers from perception loss and goal drift.

lines, even with strong observers, reduce visual input to
textual object lists and lose spatial and salient visual cues.
One-Step Planner preserves these cues for action selection,
explaining gains beyond observer quality.

E. Qualitative Trajectory Analysis

Fig. 4 illustrates a representative episode from WAH-
NL++ where both planners must place a potato and bread
on the kitchen table. When the potato becomes visible in
the refrigerator, the One-Step Planner immediately shifts
focus and executes pick up potato—a direct consequence
of the sharpened attention shown in Fig. 3. In contrast, the
ReAct planner detects the potato in its textual observation
but persistently pursues bread, leading to repeated failures
and goal drift until the step limit is reached. This exposes a
structural vulnerability of modular pipelines, where convert-
ing visual cues to text discards the attentional context that
would prioritize goal-critical objects.

V. CONCLUSION

We presented One-Step Planner, a unified VLM archi-
tecture that integrates perception and planning in a single
forward pass. The key motivation is that modular pipelines
lose spatial salience when converting visual input to text,
causing cascading perception errors in long-horizon tasks.
Experiments on WAH-NL++ and ALFRED show that the
end-to-end approach achieves higher success rates (+10% on
WAH-NL++), lower resource consumption (44.6% VRAM
reduction), and more interpretable perception than modular
pipelines. Attention analysis confirms that instruction tuning
reshapes spatial focus toward task-relevant objects, while the
comparison across four observer types reveals the fragility
of modular perception. These findings suggest that tighter
integration of perception and decision-making, rather than
more sophisticated perception modules alone, is a promising
direction for rigorous robot perception. As future work,
we plan to extend the VLM planner to more complex
environments and manipulation tasks that require not only
detecting the presence of objects but also recognizing their
spatial configurations and physical states. In addition, current
evaluation relies solely on success rate, which overlooks the
efficiency of the action sequence taken to reach the goal. We
aim to incorporate metrics that capture procedural efficiency,

so that the planner learns to accomplish tasks with fewer and
more efficient action steps.
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