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Figure 1: SkillNav decomposes complex navigation
instructions into atomic skills, which can be flexibly
recomposed to address new environments.

Despite recent advances, a key challenge in VLN

based router, which dynamically selects the lies in enabling agents to generalize reliably and
most suitable agent at each time step by align- interact with unseen environments and novel in-
ing sub-goals with visual observations and pre- structions. Previous approaches have enhanced
vious actions. SkillNav obtains competitive re- VLN agents’ generalization ability through exten-

sults on commonly used benchmarks and estab-
lishes state-of-the-art generalization on GSA-
R2R, a benchmark with novel instruction styles
and unseen environments.

sive training on large-scale synthetic instruction-
trajectory pairs across varied environments (Hao
et al., 2020; Chen et al., 2022a; Wang et al., 2023,
2025b). While data-driven methods improve VLN
agents’ generalization, their main limitation is re-
liance on black-box, end-to-end models (Anderson
Vision-and-Language Navigation (VLN) (Ander- et al., 2018; Hong et al., 2021) that tend to memo-
son et al., 2018; Zhang et al., 2024c) is a subfield  rize training examples. This restricts their effective-
of embodied Al that integrates natural language  ness in unobserved scenarios requiring deeper com-
understanding, visual perception, and sequential  positional reasoning, such as understanding diverse
decision-making to allow autonomous agents to  instructions, temporal relationships, or complex
navigate and interact within visual environments.  landmarks, and generalizing across a wide range of
With the rise of foundation models (Zhou et al.,  visual environments. Beyond data-intensive super-
2024a; Xiao and Zhu, 2025; Li et al., 2024; Zhang  vised approaches, recent work has explored zero-
et al., 2024a), VLN has seen notable progress in  shot approaches leveraging Large Language Mod-
multimodal grounding and generalization. els (LLMs) for VLN tasks to improve generaliza-
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tion ability (Zhou et al., 2023; Long et al., 2024;
Chen et al., 2024a; Zhang et al., 2025a). Although
zero-shot LLM-based agents show relatively stable
performance across seen and unseen environments,
they still considerably lag behind fine-tuned VLN
models. Specifically, we observe a significant per-
formance gap (~ 36% in Success Rate), primarily
arising from intrinsic limitations of LLMs, includ-
ing their insufficient grounding in embodied en-
vironments and imprecise alignment of linguistic
instructions with specific navigational actions. This
gap highlights the urgent need for methods capable
of bridging the broad generalization and compo-
sitional reasoning of LLMs with precise, visually
grounded execution.

To address these limitations, we propose Skill-
Nav, a modular VLN framework that decomposes
navigation learning into individual and reusable
skills, enabling flexible re-composition and en-
hanced generalization in new environments as
shown in Figure 1. Unlike prior methods that treat
instruction execution as an end-to-end mapping
from instructions directly to actions, SkillNav ex-
plicitly captures the compositional nature of nav-
igation tasks. Furthermore, we introduce a novel
Vision-Language Model (VLM)-based router that
leverages multi-modal reasoning to dynamically
select the most appropriate skill at each navigation
step, conditioned on the current sub-instruction, vi-
sual observation, and historical actions. SkillNav
not only improves interpretability by making the
decision-making processes more transparent but
also facilitates robust adaptation to diverse instruc-
tions and unseen visual environments.

Specifically, we build on previous re-
search (Wang et al., 2024), and identify a
set of atomic skills required for effectively
completing the VLN task. For each skill, we
construct a dataset containing relevant instructions
paired with corresponding visual observations, and
fine-tune a dedicated agent on top of a strong VLN
backbone. This process yields five specialized
skill agents, covering Direction Adjustment,
Vertical Movement, Stop and Pause, Landmark
Detection, and Area and Region Identification,
each proficient in its designated capability. To
orchestrate these specialized agents for complex
navigation tasks, we introduce a VLM-based
Action Router that operates in three distinct phases.
First, a Temporal Reordering Module processes
the natural language instruction to generate a
chronologically ordered sequence of subgoals,

resolving implicit temporal dependencies. Next,
a Subgoal Localizer dynamically identifies the
immediate objective by aligning the reordered plan
with the agent’s visual and action history. Finally,
a Skill Router analyzes the active subgoal and
context to select the most suitable expert agent to
execute the next navigation action.

SkillNav attains a strong performance on the
Room-to-Room (R2R) benchmark (Anderson et al.,
2018), and achieves state-of-the-art (SOTA) gener-
alization on the GSA-R2R benchmark (Hong et al.,
2025). GSA-R2R contains novel dialogue-style
instructions and diverse visual environments with
both unseen residential and non-residential settings.
Additionally, we evaluate individual skill-based
agents using NavNuances (Wang et al., 2024), a
dataset specifically designed for fine-grained skill
evaluation. We report ablations and qualitative anal-
ysis to isolate each component’s contribution and
motivate the router design. Our contributions are
summarized as follows:

1. We propose SkillNav, a modular framework that
decomposes navigation tasks into atomic skills
to combine VLM reasoning with specialized
fine-tuned agents, significantly enhancing gen-
eralization capabilities to novel instructions and
unseen visual environments.

2. We design a synthetic data generation pipeline
that creates skill-specific but linguistically di-
verse supervision without requiring expensive
and labor-intensive human annotation.

3. We demonstrate state-of-the-art generalization
on the challenging GSA-R2R dataset and val-
idate our framework through a comprehensive
ablation study.

2 Related Work

Vision-and-Language Navigation Models. A
wide range of methods have been proposed for ad-
dressing VLN tasks. These methods have evolved
from early LSTM-based architectures (Anderson
et al., 2018; Tan et al., 2019) to Transformer-based
models (Chen et al., 2021, 2022b; An et al., 2023)
and, most recently, to Large Language Model
(LLM)-based agents (Zhou et al., 2023; Chen et al.,
2024a; Lin et al., 2024; Zhou et al., 2024b; Zheng
et al., 2024; Zhang et al., 2025b,c). A primary
challenge remains improving generalization to un-
familiar environments. Existing methods largely
rely on data augmentation strategies for visual ob-
servations (Li et al., 2022; Liu et al., 2021; Li and
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Bansal, 2023) or instructions (Wang et al., 2023,
2025b; Hao et al., 2020; Zhang and Kordjamshidi,
2023; Zhang et al., 2024b). However, these end-to-
end supervised approaches often memorize train-
ing trajectories rather than mastering the compo-
sitional reasoning required in novel or unseen sce-
narios. While recent zero-shot LLM agents (Zhou
et al., 2023; Chen et al., 2024a; Long et al., 2024;
Zhang et al., 2025a) avoid task-specific training,
they lack of detailed spatial understanding and pre-
cise grounding in action execution. In contrast, we
propose SkillNav, a modular framework that explic-
itly decomposes VLN tasks into reusable naviga-
tion skills. Each skill is individually fine-tuned for
precise spatial grounding, while high-level reason-
ing and flexible skill composition leverage LLMs
and VLM, significantly improving generalization
to unseen environments and varied instructions.
Multi-Agent Collaboration in Vision-Language
Navigation. Recent multi-agent VLN work has
moved toward debate-style systems like Discuss-
Nav (Long et al., 2024) and planner executor hi-
erarchies like FlexVLN (Zhang et al., 2025a) and
CLASH (Wang et al., 2025a). Although these ap-
proaches can generalize better, they typically rely
on ensembles that activate multiple models per step,
incurring structural redundancy. When these gen-
eralist ensembles conflict, systems often default
to ungrounded zero-shot LLLM decisions, sacrific-
ing in-domain precision for broader adaptability.
SkillNav overcomes this dilemma by decompos-
ing navigation into a library of specialized skill
agents. A VLM router selects one best-fit special-
ist for the current sub-goal instead of invoking an
ensemble. This enables the VLM to perform com-
positional planning by decomposing complex in-
structions into manageable sub-goals and mapping
them to specific skills, while specialized agents
ensure precise, grounded action execution. Conse-
quently, SkillNav achieves state-of-the-art general-
ization on unfamiliar benchmarks like GSA-R2R
while remaining competitive on in-domain datasets
such as R2R, effectively balancing computational
efficiency with robust performance.

3 Preliminaries

In the VLN problem setting, an agent navigates
through an environment by following a natural lan-
guage instruction [ to reach a specified target lo-
cation. The environment is discretized into a con-
nectivity graph G = (V, E), where V denotes a

non-empty set of navigable nodes, and F is a set
of undirected connectivity edges. At each time
step t, the agent located at viewpoint v; receives
a panorama represented by n images, denoted as
Dy = {o;}!,. The agent is aware of a subset
of views O; C D, heading towards its navigable
neighboring nodes A (v;). The local action space
A, contains navigating to node v € N (v;) or stop-
ping at current node vy.

In this work, we leverage DUET (Chen et al.,
2022b) as our base VLN agent. DUET is a graph
transformer-based architecture designed to balance
long-term planning on a topological map with fine-
grained visual grounding of the current panoramic
view. To integrate this architecture into our frame-
work, we formulate its policy as:

CL;;< :W(I, Ot,Mt). (1)

where M; C G denotes the online constructed topo-
logical map observed after ¢ steps of navigation,
and aj € A; is the predicted action.

4 Methodology

We propose SkillNav, a framework that coordinates
a set of agents, each trained for a specific atomic
skill, to solve the navigation problem. SkillNav
enhances generalization by treating navigation as
a composition of atomic skills rather than a direct
language-to-action mapping. This design mirrors
how humans transfer sub-skills across unfamiliar
situations, preventing overfitting to complex trajec-
tories and enabling systematic reuse of skills across
environments and instruction styles. As shown in
Figure 2, the framework comprises two key compo-
nents: a VLM-based router that performs temporal
reordering, subgoal localization, and skill selection,
and a set of skill-specific agents. Each agent is
built upon the DUET architecture and trained with
tailored synthetic data to make skill-conditioned
decisions, as detailed in this section.

4.1 Skill Taxonomy

We use the skills defined in NavNuances (Wang
et al., 2024) that appear to be essential for building
a robust VLN agent. NavNuances provides skill
categories and creates a diagnostic dataset to ana-
lyze models’ errors. However, it does not provide
solutions for improving the agent’s skills. In this
work, we extend the initially proposed skill cate-
gories and provide solutions for acquiring them by
skill-based agents.
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Figure 2: SkillNav architecture. Inputs are visual observations, the original instruction, and the online topological
map. The VLM-based action router (i) applies temporal reordering to produce an ordered list of subgoals (used
solely to assist subgoal localization), (ii) localizes the next subgoal using visual and subgoal history based on the
reordered instruction, and (iii) routes to the most suitable skill-based agent. The chosen agent conditions on the
original instruction, current observations, and map to output the navigation action.

We adopt four frequently observed atomic skills
from NavNuances, Direction Adjustment, Verti-
cal Movement, Landmark Detection, and Area
and Region Identification. Detailed NavNuances
skill definitions and annotation cues are provided in
Appendix A.1. Moreover, we find persistent chal-
lenges in temporal reasoning and stop criteria. Er-
rors in temporal reasoning often disrupt the correct
order of subgoal execution. Critical stop decisions
are sometimes made too early or too late, reducing
navigation success. To address these issues, we ex-
tend the skill taxonomy with two additional skills:
Stop and Pause and Temporal Order Planning.
In the following, we elaborate on these two new
skills and their roles in navigation.

Stop and Pause captures the agent’s ability to
dynamically control motion termination and tem-
porary halting in response to visual or linguistic
cues. This includes recognizing explicit stop com-
mands (e.g., “Stop at the doorway’) or context-
sensitive halts triggered by landmarks or obstacles
(e.g., “Pause when you see the red sign”). The stop
and pause skill emphasizes precise temporal-spatial
control to ensure safe, context-aware navigation.

Temporal Order Planning reflects the agent’s
capability to reason over the sequence and structure
of subgoals. This includes understanding condi-
tional immediacy (e.g., “Once you enter the hall-
way, turn left”), maintaining actions for a bounded

duration (e.g., “Keep walking until you see the stair-
case”), executing forward sequential steps (e.g.,
“Go forward, then turn right, and finally stop”), and
handling backward references to prior states (e.g.,
“Before turning, make sure you’re at the hallway
entrance”). Effective temporal order planning in-
volves temporal relations that guide both when and
how atomic skills should be executed.

To quantify the presence and frequency of these
skills in R2R (Anderson et al., 2018), we perform
a keyword-based analysis of the navigation instruc-
tions as shown in Figure 6 in Appendix B. Each
instruction is scanned for a curated set of indicative
keywords, compiled for each skill category based
on linguistic patterns observed in prior datasets
and real-world navigation discourse. For instance,
terms like “wait” or “stay” are used to detect Stop
and Pause, while words such as “stairs” or “eleva-
tor” signal Vertical Movement. An instruction can
be counted for multiple skills if it exhibits multiple
relevant keywords.

This taxonomy is intended as a task-grounded
and extensible skill library rather than a universally
complete inventory. The selected skills correspond
to frequent linguistic and geometric requirements
in indoor VLN, and Appendix C further reports
skill definitions, R2R coverage, and sensitivity anal-
ysis in Table 8 showing that the five-skill decom-
position is optimal for delegation precision. New
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Table 1: Statistics of core VLN training/augmentation
corpora (top) and our skill-specific synthetic datasets
(bottom).

Dataset # Instr  # Vocab Instr Len
R2R 14,039 4,597 26.28
R2R (ScaleVLN-Aug) 2,891,134 222 25.90
R2R (SRDF-Aug) 413,999 2,201 23.67
GSA-R2R 4,675 2,797 26.06
Temporal 2,000 1,653 56.60
Direction 450 707 26.78
Vertical 450 705 26.23
Stop 450 774 27.03
Landmark 450 1,025 27.62
Region 450 971 27.50

environments can extend the same framework by
adding a specialized skill executor and exposing
its definition to the router, without changing the
high-level routing mechanism.

4.2 Skill-Specific Data Synthesis and Agent
Training

We build six synthetic datasets where each trajec-
tory—instruction pair targets a single skill. Paths are
sampled from random Matterport3D (Chang et al.,
2017) nodes, filtered with skill-specific heuristics
(e.g., frequent turns for Direction Adjustment), and
kept short (4-7 steps) for comparable difficulty;
Appendix B details the filters and Figure 7 in Ap-
pendix D shows path length analysis. For instruc-
tion generation, we feed each trajectory’s observa-
tions to GPT-40 (OpenAl, 2024) with skill cues
so the text stays fluent and R2R-like while em-
phasizing the target skill (Table 1); Appendix E
reports bias checks. GPT-40 is used only to synthe-
size diverse training data for the skill agents, while
the action router operates zero-shot on benchmark
instructions, reducing the risk of generator-router
stylistic self-alignment.

Training uses two stages and yields two SkillNav
variants. Stage 1 fine-tunes DUET on R2R plus
ScaleVLN augmentation and the Temporal syn-
thetic set (or SRDF augmentation for the SRDF
variant) to get a skill-agnostic backbone; Ap-
pendix G analyzes the Temporal Order Planning
agent. Stage 2 fine-tunes that backbone on each
skill dataset to produce five specialists: Direc-
tion Adjustment (7g,), Vertical Movement (7yyy,),
Stop and Pause (), Landmark Detection (mq),
and Area/Region Identification (7, ), denoted S =
{7 da, Tvm, Tsp, Td, Tar }.  Unless stated, SkillNav
refers to the ScaleVLN-Aug variant.

4.3 VLM-based Action Router

After training specialized agents for distinct navi-
gation skills, we integrate them into the SkillNav
framework using a VLM-based Action Router to
coordinate their execution. Inspired by planning
systems such as LLM-Planner (Song et al., 2023),
Mic (Qiao et al., 2023), and A2Nav (Chen et al.,
2023), our router leverages a large VLM (e.g., GPT-
40 (OpenAl, 2024), Qwen2.5-VL-7B-Instruct (Bai
et al., 2025)) in a zero-shot in-context fashion to
dynamically select the most suitable agent at each
time step. We structure the routing process into
three distinct reasoning phases:

Phase 1: Temporal Reordering Module. The
Temporal Reordering Module only takes the origi-
nal natural language instruction as input. It applies
the instruction reordering prompt to turn naviga-
tion instructions into a list of subgoals Iicorder. It
follows the four temporal relations described in the
Temporal Order Planning skill in Section 4.1, mak-
ing implicit temporal details explicit and ensuring
the correct subgoal execution order. This procedure
is formulated as

Ireorder = LLMTemporalReorder(I ) (2)

Phase 2: Subgoal Localizer. Given the reordered
subgoals Ireorder = [P1,D2, - - -, Pm), Observed his-
tory H;_1, and the sequence of previously executed
subgoals Gy—1 = [p],...,p;_1], the model iden-
tifies the next subgoal p; to be executed for the
current time step ¢ and outputs the corresponding
reasoning trace r¢, later used by the router for de-
cision verification. The output can be formalized
as:

prv Tt = Localize(lreordera H;_q, Gt—l)- 3)

The sequence of executed subgoals is then updated
as:
Gy =Gt || ;- “4)

Phase 3: Skill Router. At time step ¢, the skill
router determines which skill-based agent 7} €
S is most appropriate for executing the selected
subgoal pf. Additionally, it receives the original
instruction I as a part of the input context to capture
additional linguistic cues such as verbs and spatial
references. It also uses the reasoning trace r; from
Phase 2 to enhance its understanding of the current
subgoal. At each step, exactly one skill is selected,
formulated as

7; = argmax Router (I, py,r). 5)
TeS
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Table 2: Performance comparison on R2R and GSA-R2R benchmarks. T indicates large-scale data augmentation; —
indicates the unavailable statistics; bold is best, underline is second-best, and A rows report SkillNav minus its base
(ScaleVLN/SRDF), with dark gray for gains and light gray for drops. Supervised and skill-based models are trained
on R2R only and without GSA-R2R fine-tuning. SkillNav variants follow the ScaleVLN and SRDF settings with

their respective augmentations.

[ R2R | GSA-R2R
Methods # Val-Unseen Test-Unseen Test-R-Basic Test-N-Basic Test-N-Scene
NE| OSRft SRt SPLt | NE| OSRtT SRt SPLt | SRt SPLt | SRt  SPLt ‘ SRt  SPLt
LLM-based VLN
MapGPT (GPT4v) (Chen et al., 2024a) 1 5.63 58 44 35 - - - - 34 30 25 23 25 23
NavCoT (LLaMAZ2) (Lin et al., 2024) 2 6.26 42 34 29 - - - - 37 35 29 26 29 26
NavGPT-2 (FlanT5-5B) (Zhou et al., 2024b) | 3 | 3.13 81 72 61 3.33 80 72 60 58 45 48 35 57 43
NaviLLM (Vicuna-7B) (Zheng et al., 2024) | 4 | 3.51 - 67 59 3.71 - 68 60 - - - - - -
DiscussNav (GPT4) (Long et al., 2024) 5 5.32 61 43 40 - - - - - - - - - -
Supervised VLN
HAMT (Chen et al., 2021) 6 | 229 - 66 61 3.93 2 65 60 48 44 42 38 34 30
DUET (Chen et al., 2022b) 7 3.31 81 72 60 3.65 76 69 59 58 47 48 37 40 30
BEVBERT (An et al., 2023) 8 2.81 84 75 64 3.13 81 73 62 58 45 46 35 39 27
GR-DUET (Hong et al., 2025) 9 - - - - - - - 69 64 57 52 48 43

SAME (Zhou et al., 2024c)' 10 | 2.73 - 76 66 3.03 - 4 64 - - - - - -

ScaleVLN (Wang et al., 2023) 11| 239 88 79 70 2.73 84 7 68 78 67 69 57 55 43

SRDF (Wang et al., 2025b) T 12] 1.83 89 84 78 | 1.88 88 84 d 71 63 59 49 52 43

Mixture of Skill-based VLN

SkillNav (ScaleVLN-Aug)T 13| 1.97 89 83 e 2.53 83 78 70 79 69 72 61 57 48
A SkillNav (ScaleVLN-Aug) - ScaleVLN —0.42 +1.77 +3.36 +6.54 | —0.20 +0.88 +1.80 | +0.71 +2.18 | +2.45 +4.18 | +2.16 +5.26

SkillNav (SRDFfAug)i 14| 1.79 89 84 78 1.76 87 84 s 71 64 61 50 54 45
A SkillNav (SRDF-Aug) - SRDF 0.04 +0.20  +0.22 0.12 +0.09 | 40.56 +1.02 | +2.83 +0.87 | +2.78 +2.02

Once the appropriate skill-based agent is selected,
it is invoked by the following Eq. (1) to predict the
navigation action at time step ¢:

CL: :W:(I,Ot,Mt). (6)
Our proposedrouter enables modular skill execu-
tion by integrating natural language, visual inputs,
and observed history, using the Temporal Reorder-
ing LLM to effectively bridge instructions with
actionable skill modules.

5 Experiments

5.1 Experiment Setup

Evaluation Datasets. We primarily use the Room-
to-Room (R2R) dataset (Anderson et al., 2018), es-
pecially the unseen split of validation (Val Unseen)
and test (Test Unseen) splits. R2R is a commonly
used benchmark in VLN consisting of panoramic
RGB-D scans from the Matterport3D (Chang et al.,
2017) simulator and providing crowd-sourced in-
structions paired with navigation paths. Moreover,
we evaluate the generalization ability of SkillNav
on GSA-R2R (Hong et al., 2025), which includes
residential (R) and non-residential (N) scenes (e.g.,
shops, restaurants, and museums) from Habitat-
Matterport3D (Ramakrishnan et al., 2021), and di-
verse instruction styles with role-specific dialogues
(e.g., travel guides (Scene) beyond the basic style
of R2R (Basic)). To demonstrate SkillNav’s ro-
bustness in long-horizon, fine-grained instruction

scenarios, we conduct additional experiments on
RxR-English (Ku et al., 2020; Wang et al., 2025b),
which is more linguistically detailed and has signif-
icantly longer trajectory paths than R2R.

Evaluation Metrics. We use the standard metrics
to evaluate the navigation performance (Anderson
et al., 2018; Zhao et al., 2023; Qi et al., 2020): (1)
Navigation Error (NE): the distance between the
stop location and the target; (2) Oracle Success
Rate (OSR): the agent ever gets close enough to
the goal at any point along its trajectory, regard-
less of where it decides to stop; (3) Success Rate
(SR): the ratio of agents stopping within 3 meters
of the target; (4) Success rate weighted by Path
Length (SPL): measures navigation efficiency by
weighting the success rate with the ratio between
the shortest path length and the agent’s actual path
length, penalizing unnecessarily long trajectories;
(5) Normalized Dynamic Time Warping (nDTW):
penalizes deviations from the ground-truth paths.

Implementation Details. We develop two Skill-
Nav variants tailored to the ScaleVLN and SRDF
settings, respectively. For the ScaleVLN configura-
tion, we employ CLIP-B/16 (Radford et al., 2021)
as the visual encoder and BERT-base-uncased (De-
vlin et al., 2018) as the language backbone. Con-
versely, the SRDF setup swaps the visual encoder
to InternViT-6B (Chen et al., 2024b). In our Skill-
Nav VLM-based action router, we adopt GPT-
40 (OpenAl, 2024) as the temporal reordering mod-
ule due to its superior instruction-following capa-
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Figure 3: Zero-shot generalization results on RxR-
English. SkillNav improves both ScaleVLN and SRDF
backbones across SR, SPL, and nDTW on Val Seen and
Val Unseen splits.

bilities and employ Qwen2.5-VL-7B-Instruct (Bai
et al., 2025) for the other two phases because of
its strong multi-modal alignment and reasoning
abilities. All inferences with the action router are
performed using in-context prompting. Unless oth-
erwise specified, SkillNav denotes the ScaleVLN
setting variant by default. Additional skill-based
agent training, hyperparameter, and routing details
are provided in Appendix F.

5.2 Main Results

Table 2 compares SkillNav against state-of-the-art
VLN agents, demonstrating its superior generaliza-
tion to novel instructions and environments while
maintaining competitive performance on the R2R
benchmark. Regarding generalization, while the
strong baseline SRDF (Method #12) overfits to
R2R’s specific style, the ScaleVLN-based Skill-
Nav (Method #13) excels, outperforming baselines
on the challenging GSA-R2R Test-N-Scene (48%
vs. 43% SPL). Moreover, in Figure 3, SkillNav
also achieves superior generalization with abso-
lute nDTW gains of up to +3.04% on RxR-English
Val Unseen, confirming that our modular decom-
position successfully helps the agent adhere to
dense, descriptive instructions better than mono-
lithic baselines. Regarding R2R, SkillNav consis-
tently improves or matches its specific backbones:

Table 3: Temporal reordering ablation for the VLM-
based action router on GSA-R2R across residential (R)
and non-residential (N) scenarios with Basic/Scene in-
structions. Reorder: X disables the LLM-guided Tem-
poral Reordering module; ¢ enables it, and the or-
dered subgoal plan is fed only to the router while skill
agents still receive the original instruction. Router: in-
cludes the Subgoal Localizer and Skill Router phases;
Qwen: Qwen2.5-VL-7B-Instruct; GLM: GLM-4.1V-
9B-Thinking.

Reorder Router‘ Test-R-Basic ‘ Test-N-Basic ‘ Test-N-Scene

| SR SPL | SR SPL | SR  SPL
X Qwen | 7842 67.80 | 71.01 59.62 | 55.46 45.43
v Qwen | 78.83 68.88 | 71.58 61.34 | 56.66 47.96
X GLM | 7746 66.27 | 70.70 58.63 | 55.62 42.64
v GLM | 7860 67.93 | 71.13 59.73 | 56.80 46.51

Table 4: VLM choice for subgoal localization and skill
routing on GSA-R2R. The Temporal Reordering mod-
ule is fixed to enabled. Router Definitions: Random
selects skill-based agents without action routing; GPT-
40 (GPT-40-2024-08-06); Qwen and GLM follow the
definitions in Table 3. Results indicate that once tempo-
ral structure is provided, performance differences across
routers become small, indicating robustness to the spe-
cific VLM router.

‘ Test-R-Basic ‘ Test-N-Basic ‘ Test-N-Scene

Router

| SR SPL | SR SPL | SR  SPL
Random | 78.39 67.46 | 70.93 59.71 | 54.61 43.17
GLM | 7860 67.93 | 71.13 59.73 | 56.80 46.51
Qwen | 7883 68.88 | 71.58 61.34 | 56.66 47.96
GPT4o | 79.41 69.18 | 72.75 62.48 | 58.16 48.96

the ScaleVLN-based variant boosts its baseline
(Method #11) by ~ 6.5% SPL on Val-Unseen,
while the SRDF-based variant (Method #14) main-
tains parity with the state-of-the-art SRDF at 77%
SPL, successfully balancing versatility with pre-
cision. However, current agents are effectively
matching human-level performance on R2R, in-
dicating that the remaining headroom for large ab-
solute gains on R2R is limited (see Table 16 in
Appendix J).

5.3 Ablation Study and Analysis

Action Router. We evaluate the Action Router
structural mechanism in Table 3 and backbone ca-
pability in Table 4. We maintain that operating
on raw instructions forces difficult implicit tem-
poral reasoning that limits open-world generaliza-
tion (Intelligence et al., 2025). Disabling Temporal
Reordering causes consistent performance drops,
marked by a 2.5% SPL decline on Test-N-Scene,
which confirms that explicit decomposition acts as
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Original Instruction ScaleVLN Agent

"Walk down the corridor and
upstairs. Stop halfway up the
stairs."”

Temporal Reordering LLM:
- Sub-goals:

Walk down the corridor. Reach the
stairs. Walk upstairs. Stop halfway up
the stairs.

Action Image

Visual Observations

VLM-based Action Router:
- Previous sub-goals:
['Walk down the corridor'] =

2,
I j’f Vertical Movement

- Sub-goal (current): et

Reach the stairs J
R Action Image

- Reasoning:

The current image shows the entrance

to the house, and the next logical step

is to move towards the stairs as

instructed.

(a) A sample in R2R Val Unseen

Temporal Reordering LLM:
- Sub-goals:

Walk straight ahead. Turn left.
Continue forward. Reach the pillars.
Stop and wait in the middle of the
pillars.

Original Instruction
"Alright, so what you'll want to do is
walk straight ahead, and then, um,
take a left turn. Keep going forward
until you reach the pillars, and, let's
see, just wait there in the middle. It's
hard to miss."

ScaleVLN Agent

Action Image

'VLM-based Action Router:

- Previous sub-goals:

[ 'Walk straight ahead', "Turn left,
'Continue forward', 'Reach the pillars' ]

Visual Observations

~

.-
@ Stop and Pause
/

Agent

- Sub-goal (current):
Stop and wait in the middle of the
pillars

Action Image
- Reasoning: VA
The agent has reached the pillarsandis "
positioned in the middle, as indicated
by the previous images showing the
agent approaching and then standing
in the middle of the pillars.

(b) A sample in GSA-R2R Test-N-Scene

o

=
>

Figure 4: Qualitative examples of routing and navigation results. These examples include cases where the instruction
is temporally complex, colloquial, or spatially ambiguous.

Table 5: Evaluation of each skill-based agent on the NavNuances benchmark across four skill categories: Direction
Change (DC), Vertical Movement (VM), Landmark Recognition (LR), and Region Recognition (RR). Following the
NavNuances, evaluation metrics differ across skill subsets: DC and LR are reported only with SR, VM includes
SR/OSR/SPL, and RR provides SR/OSR. We retain this heterogeneous metric design to ensure comparability with

prior work. Ident.: Identification.

Methods | DC | VM | LR | RR
| SR | SR OSR SPL | SR | SR OSR
VLN Agents ScaleVLN (Wang et al., 2023) | 68.39 | 81.76 88.82 76.34 | 28.32 | 82.91 95.27
SRDF (Wang et al., 2025b) 59.93 | 82.94 91.18 80.98 | 26.28 | 77.09 94.55
Mixed Skills 66.84 | 84.11 87.65 79.22 | 48.90 | 81.82 90.91
Direction Adjustment 70.81 | 81.76 91.18 76.28 | 31.39 | 81.82 94.91
Vertical Movement 70.68 | 87.65 89.41 83.83| 30.22 | 82.18 96.00
Skill-based Agents Landmark Detection 70.29 | 82.35 85.29 78.94 | 31.53| 83.64 97.09
Area and Region Ident. 67.53 | 84.12 88.82 80.49 | 29.20 | 85.09 96.36
Stop and Pause 68.91 | 84.71 87.06 80.67 | 29.78 | 83.64 97.09

Table 6: Expert call distribution on GSA-R2R Test-N-
Scene. The values indicate the percentage of steps each
specialist policy () was activated by the router.

T'sp

34.42%

Tlar

18.75%

d

14.23%

T'vm

8.99%

Tda

23.61%

a necessary structural scaffold. Complementing
this, Table 4 shows that while a Random baseline
suffices for basic instructions, novel environments
require advanced reasoning. GPT-40 demonstrates
the strongest generalization, proving that explicit
reasoning and structural priors are key differentia-
tors for handling unseen scenes.

Skill Evaluation. We validate our skill-based
agents on NavNuances, where categorization into
four atomic skills reveals that each agent excels in
its corresponding domain in Table 5. These results
confirm that targeted supervision fosters functional
specialization superior to SOTA VLN baselines in
isolated skill settings. See Appendix .4 for mixed-
skill analysis. Furthermore, Table 6 reveals that the

agent adopts a conservative, precision-first strategy.
The dominance of the control-focused policies de-
fined in Section 4.2, specifically 7, and 74, (nearly
60%), indicates that robust navigation depends less
on constant semantic recognition and more on con-
tinuous state verification. In contrast, semantic
skills (7ryr, miq) act as sparse anchors, activated only
when specific visual grounding is strictly necessary
for decision-making. In addition, we provide a
detailed skill routing analysis in Appendix I.

Error Analysis. We conduct a manual error anal-
ysis of 17 failure cases (detailed in Appendix 1.3).
Our findings indicate that the primary bottleneck
is not the router’s linguistic reasoning, but rather
visual grounding deficits and textual-prior biases.
While the router typically parses the correct linguis-
tic subgoal (e.g., “stop at the sink™), it frequently
struggles to bind these textual entities to their corre-
sponding visual referents in cluttered scenes. Fur-
thermore, we observe a systematic textual-prior
bias: the router underutilizes fine-grained Land-
mark Detection, erroneously defaulting to coarser
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Region Identification or Direction skills even when
object-level grounding is required. Beyond these
core issues, we categorize three supplementary fail-
ure modalities: (1) Initial Misalignment, where
incorrect starting orientations cause cumulative tra-
jectory drift; (2) Subgoal Hallucination, wherein
the VLM router generates spurious subgoals un-
grounded in the physical environment; and (3) Con-
troller Bottlenecks, where execution fails due to
dense, “stacked” commands that exceed the capac-
ity of the underlying expert policies.

5.4 Efficiency Analysis

Training Cost. Fine-tuning five skills on the Tem-
poral Order Planning agent with R2R and syn-
thetic skill-specific datasets under the SRDF set-
ting requires approximately 3, 329 minutes (~ 55.5
hours) in total. For comparison, SRDF training
on R2R with large data augmentation takes 2, 521
minutes (~ 42 hours), suggesting that SkillNav’s
skill-based training introduces a relatively higher
training cost. However, this represents a one-time
training investment; unlike prior supervised VLN
models that require repeated retraining to adapt to
new environments or instruction styles, SkillNav
achieves strong generalization across datasets with-
out additional retraining.

Inference Cost. We provide inference time and
throughput comparison in Table 7. SkillNav in-
troduces overhead due to the VLM-based action
router, reaching 0.49 throughput on Test-N-Basic
of GSA-R2R, which is roughly 50x slower than
ScaleVLN but still nearly 20 x faster than MapGPT.
We further analyze the per-step latency of open-
source VLM models in Table 17 and the compu-
tation cost of closed-source models in Table 18.
Local open-source models such as Qwen2.5-VL-
7B achieve a competitive inference time of 1.57s
per step. By decoupling high-level reasoning from
low-level action execution, the VLM-based Router
is invoked only during skill-switching events rather
than at every execution step. This allows Skill-
Nav to achieve a latency of 9.69s per case, which
is 2 — 4x faster than existing baselines like
NavGPT (Zhou et al., 2023) and Flex VLN (Zhang
et al., 2025a).

Overall, while SkillNav is less efficient than su-
pervised models, it achieves a better efficiency-
generalization trade-off. Also, it advances both
efficiency and generalization compared to LLM-
based VLN agents.

Table 7: Runtime and throughput of baselines and Skill-
Nav. Numbers are wall-clock runtime in seconds. Ran-
dom = randomly select skill-based agents without utiliz-
ing the action router.

Method Split Runtime (s) Inferences/s
Supervised VLN

Test-R-Basic 513.8 28.03

ScaleVIN 1 -N-Basic 342.7 26.26
LLM-based VLN

Test-R-Basic ~ 597,000 0.02

MapGPT 1 N-Basic  ~ 373,000 0.02

Our Mixture of Skill-based VLN
. Test-R-Basic ~ 27,000 0.54
SkillNav ¢ N-Basic  ~ 18,360 0.49

5.5 Qualitative Examples

Figure 4 highlights SkillNav’s dynamic decision-
making capabilities, showing how the framework
effectively reorders temporal instruction plans and
identifies active subgoals to select the precise
skill and action required for every navigation step.
Specifically, in example (a), the router correctly
identifies the destination (pillars) to trigger the stop
action, while in (b), it detects the need for eleva-
tion and selects the vertical movement skill. These
cases confirm the framework’s robustness across
diverse instruction styles and environments.

6 Conclusion

We introduce SkillNav, a VLN framework combin-
ing skill-based learning with VLM-based routing
to dynamically select expert policies. By decou-
pling high-level decision-making from low-level
execution, SkillNav leverages an LLM-based tem-
poral reordering module to break down intricate
instructions into structured sequences, while simul-
taneously decomposing the navigation task into
atomic, manageable skills. Evaluations demon-
strate strong performance on R2R and superior gen-
eralization on GSA-R2R. While incurring moder-
ate overhead, SkillNav achieves a better efficiency-
performance trade-off than pure VLM or super-
vised baselines. This interpretable approach ad-
vances compositional reasoning and robustness in
VLN. Our framework provides a novel and inter-
pretable approach that advances compositional rea-
soning and generalization for the VLN research
community.
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Limitations

SkillNav is evaluated in discrete VLN simula-
tor environments, including R2R, GSA-R2R, and
NavNuances. This setting is standard for isolat-
ing language grounding, semantic planning, and
navigation decision making, but it does not fully
test continuous control or real-world robotic de-
ployment. The proposed router and semantic
skill taxonomy operate over language, visual con-
text, and subgoals, so they are not tied to graph-
specific transitions. However, each low-level skill
executor would need adaptation when the action
space changes from selecting neighboring view-
points to continuous velocity, rotation, waypoint,
or collision-avoidance control. Extending SkillNav
to VLN-CE, Habitat continuous navigation, and
physical robots is therefore an important next step.

The current skill library is also not intended to
be universally exhaustive. The selected skills cover
frequent indoor VLN phenomena. More special-
ized domains may require additional skill execu-
tors, such as object manipulation, transparent mate-
rial handling, or human-aware navigation. SkillNav
is designed to support this extension by adding new
skill-specific data and a new executor while keep-
ing the high-level router structure unchanged.

Finally, SkillNav introduces additional inference
cost because it uses LLM/VLM reasoning for tem-
poral reordering and action routing. Our efficiency
analysis shows that this cost is lower than LLM-
heavy VLN agents but higher than monolithic su-
pervised agents. This trade-off may limit deploy-
ment in latency-constrained settings unless the
router is distilled, cached, or replaced by a smaller
task-specific model.
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Appendix

A SKill Details

A.1 Atomic SKkill Definitions and Annotations
in NavNuances

Our atomic skills are derived from the NavNuances
framework, which decomposes VLN instructions
using a context-free grammar into fundamental in-
struction categories. In SkillNav, we adopt four
atomic skills that are most directly involved in
physical navigation and spatial grounding, namely
Direction Adjustment, Vertical Movement, Land-
mark Detection, and Area and Region Identifica-
tion. Each skill is constructed using strict geomet-
ric, semantic, and visibility constraints to ensure
that it represents a minimal and isolatable naviga-
tion capability in the discrete VLN setting.

In SkillNav, atomic skills are defined at the se-
mantic task level, rather than at the low-level motor
execution level. This distinction is crucial for un-
derstanding what each skill represents and why
they are considered atomic.

At the semantic level, an atomic skill corre-
sponds to a single, indivisible navigation intent
expressed in language, such as turning, changing
floors, following a landmark, or transitioning be-
tween regions. Each skill isolates one core spatial
concept and does not mix multiple independent
goals. At the execution level, the same semantic
skill may be realized through multiple discrete ac-
tions in the simulator, such as several forward steps
or minor orientation changes. These low-level mo-
tions are treated as motor realizations of the same
semantic skill, not as separate skills.

Take “Walk to the far end of the room” as an
example: At the semantic level, the instruction
“Walk to the far end of the room” expresses a single
region-based navigation intent: move to an extreme
spatial location within the same room. Therefore,
it is classified as one atomic skill under Area and
Region Identification. At the execution level, the
agent may: (1) Slightly adjust its heading. (2)
Move forward across multiple viewpoints. (3) Stop
near the far boundary of the room. Although mul-
tiple low-level actions are involved, these are all

sub-actions serving the same semantic goal, so the
instruction still activates only one atomic skill. It
becomes a multi-skill instruction only when ad-
ditional independent semantic goals are explicitly
introduced, such as landmarks, turning commands,
or vertical motion.

Direction Adjustment. This skill captures pure
changes in heading direction, corresponding to ac-
tions such as turn left, turn right, and turn around.
(1) The direction change is defined by the heading
angle difference between successive viewpoints.
(2) The angular change must be significant enough
to indicate a clear directional shift, but not so large
as to cause a U-turn or double-turn behavior, which
would introduce ambiguity. (3) We also incorpo-
rate linguistic variants of directional intent, such
as “slightly turn”, “face to”, and “adjust towards”.
These phrases are normalized to their effective
heading change in degrees, ensuring that natural
language variation does not alter the underlying
atomic skill semantics.

Vertical Movement. This skill models motion
across different floor levels and corresponds to go
upstairs and go downstairs. (1) Only candidates
with significant elevation change (absolute height
difference greater than 2 units) are considered, fil-
tering out small slopes and near-flat transitions. (2)
The candidate viewpoint must be explicitly asso-
ciated with vertical structures, such as staircases.
(3) The sign of the elevation change determines the
movement type and must be consistent along the
entire trajectory, for example, it is not allowed to
first go upstairs and later go downstairs within a
single instance.

Landmark Detection. This skill corresponds to
actions such as walk towards or walk past a specific
object and focuses on visually grounded object-
level navigation. (1) The viewpoint must contain
salient and visually distinctive landmarks, such as
sofas, desks, lamps, paintings, or large appliances,
which are clearly visible. (2) If a landmark is ref-
erenced over multiple steps, it must persist across
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successive views, allowing the agent to maintain a
stable spatial relationship with respect to the same
object. This ensures that the skill evaluates con-
tinuous landmark grounding rather than accidental
encounters.

Area and Region Identification. This skill mod-
els semantic transitions between rooms or func-
tional areas, such as go into the bedroom or exit
the living room. (1) Each trajectory must include
at least one explicit region transition. (2) Paths
involving ambiguous, erroneous, or unrecognized
region labels are removed or sanitized. (3) Only
horizontal region transitions are isolated, avoiding
confounding factors from vertical movement. Un-
like landmark-based skills, region transitions are
annotated using region inclusion criteria rather than
a single distance-based endpoint, reflecting the se-
mantic nature of rooms.

We intentionally exclude Numerical Comprehen-
sion from the skill executor set because it mainly
tests sequential counting and memory along cor-
ridors, rather than continuous motion control. It
is instead handled implicitly by the higher-level
routing module when needed.

These four skills are considered “atomic™ be-
cause they correspond to the lowest-level, non-
decomposable navigation operations in the discrete
VLN setting. They each focus on one isolated ca-
pability. They do not mix multiple semantic or ge-
ometric concepts. Each instruction in NavNuances
is generated to isolate exactly one such capability
using the CFG production rules.

In the R2R-style discrete viewpoint selection set-
ting, these skills are operationally independent. For
example, for the sub-goal “Go through the dou-
ble doors”, only the Landmark Recognition skill
is activated. The agent directly selects the candi-
date viewpoint that contains the double doors in
its panoramic observation, and then traverses them.
This execution does not rely on Direction Adjust-
ment, because the simulator action is viewpoint
selection rather than continuous steering.

A.2 [Explanation on Lowest Success Rate of
Landmark Recognition in NavNuances

The relatively low performance in the Landmark
Recognition (LR) category mainly stems from the
fine-grained nature of both the task and its evalu-
ation. First, LR requires instance-level grounding
rather than category-level recognition. The evalu-
ation protocol does not merely check whether an

object category is detected, but whether the agent’s
final position satisfies precise geometric constraints
with respect to the specific landmark instance, such
as reducing the distance to the object center for
“walk towards,” or truly crossing the object for
“walk past.” This level of precision goes well be-
yond the coarse object semantics typically learned
in VLN training.

Second, annotation difficulty and viewpoint spar-
sity further increase the challenge. Due to the dis-
crete navigation graph and limited viewpoints in
Matterport3D environments, landmarks are often
visible only from a narrow range of poses. Even
small deviations in viewpoint selection can cause
large geometric errors under the distance-based
evaluation, which amplifies minor perception or
control mistakes into outright failures.

Third, models frequently struggle with the spa-
tial relational concept of “walk past.” As shown
by failure cases, agents often stop beside the ob-
ject and mistakenly interpret proximity as having
passed it, or confuse front and back views of the
landmark. This indicates that the bottleneck is not
simply recognizing the object but understanding
the temporal and geometric meaning of passing an
object, which requires consistent spatial reasoning
across multiple steps.

Finally, we hypothesize that the main limitation
is not low-level object detection but higher-level
spatial reasoning and decision-making. This is
supported by the observation that stronger vision-
language models substantially improve the “walk
towards” subset, where recognition dominates, but
still struggle with “walk past,” where reasoning
about relative motion and spatial relations is crit-
ical. This directly motivates our design choice of
using a VLM as a routing and reasoning module,
where rich visual perception is explicitly coupled
with instruction-conditioned geometric and com-
monsense reasoning, rather than relying solely on
perception-driven navigation policies.

B Primary Factors of Trajectory
Generation

As introduced in Section Skill-Specific Data Syn-
thesis and Agent Training in Methodology, we con-
struct 6 skill-specific datasets and train the agents
based on them. The primary factors for the con-
struction of each skill are as follows:

Temporal Order Planning. (1) A random initial
move is selected. (2) Staying in the same region
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Figure 5: Skill Collection for the Skill Taxonomy. we
categorize navigation into High-level Planning (System
2, e.g., Temporal Order, Navigational Memory) and
Low-level Execution (System 1, e.g., Motion primitives,
Landmark Recognition).

(e.g., hallway — hallway) for the first half of the
trajectory to encourage temporal continuity at first.
(3) Once halfway through, the agent is allowed
(and encouraged) to transition to new regions.

Direction Adjustment. (1) The direction change
is based on the heading degree. (2) It should be
significant enough to indicate a directional shift,
but not so large as to cause a reversal or double-
turn behavior.

Vertical Movement. (1) Only candidates with
significant elevation (more than +2) are consid-
ered, which filters out nearly flat or slight incli-
nes/declines. (2) The candidate viewpoint must be
explicitly marked as vertically relevant (e.g., stairs).
(3) The elevation sign determines movement type,
and it must be consistent with the applied trajec-
tory. For instance, it is impossible to go upstairs
and then go downstairs in one case.

Stop and Pause. (1) The stop should occur at a
place with or after semantically relevant context
for pausing, e.g., in front of a painting, at the foot
of stairs. (2) The candidate image is very similar
to the previous viewpoints.

Landmark Detection. (1) The viewpoint must
include obvious, visually distinctive landmarks or
objects (e.g., sofa, desk, painting, lamp) clearly
visible in the image. (2) If a landmark is to be
referenced over multiple steps, it should appear
persistently in successive views, allowing the agent

Temporal/OLii_s&]/?lanning
_— T
~ ~

80%
60% .
Direction
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Area and Region
Identifj¢ation

Veptical
Movement

Figure 6: Distribution of instructions in the R2R dataset
categorized by the proposed skill taxonomy.

to maintain spatial awareness relative to that object.

Area and Region Identification. (1) A trajectory
must include at least one region change. (2) Paths
with “Error” or unrecognized regions are ignored
or sanitized. (3) All horizontal region changes are
isolated.

C Skill Taxonomy and Sensitivity

The current SkillNav executor library is designed
as a compact set of semantic navigation primitives
rather than a closed action inventory. Each skill
captures one primary instruction intent at the se-
mantic level, while the simulator may realize that
intent through several low-level viewpoint transi-
tions. For example, “walk to the far end of the
room” is treated as an Area and Region Identifica-
tion instruction even though execution may involve
multiple forward moves and minor heading cor-
rections. The instruction becomes multi-skill only
when it introduces another independent semantic
goal, such as an explicit turn, a landmark trigger,
or a vertical transition.

To test whether the selected skill set is useful
as a set rather than merely a larger ensemble, we
evaluate subsets of the five skill executors on R2R
Val-Unseen. The full five-executor setting per-
forms best, while several four-executor and three-
executor variants are weaker. This indicates that the
gain comes from precise delegation to specialized
heads rather than simply increasing the number of
available agents.

This result does not imply that the current taxon-
omy is universally exhaustive. Instead, it supports
the current five-executor library as an effective ba-
sis for the evaluated indoor VLN setting. For en-
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Table 8: Sensitivity analysis on skill set size us-
ing R2R Val-Unseen. The weight vector follows
(Tda, Tym, Tsp, Tid, Tar) for Direction Adjustment, Ver-
tical Movement, Stop and Pause, Landmark Detection,
and Area/Region Identification.

# Agents Weight SR (%)* SPL (%)t
2 (1,0,0,0,1) 79.57 70.30
2 (1,1,0,0,0) 78.71 69.54
3 (0,1,0,1,1) 79.78 70.43
3 (1,1,1,0,0) 79.27 69.89
4 (0,1,1,1,1)  80.80 71.29
4 (1,1,1,0,1) 79.23 70.13
5 (1,1,1,1,1)  82.59 76.50

vironments with new capabilities, such as object
manipulation or human-aware navigation, SkillNav
can be extended by training an additional executor
and adding its natural-language skill definition to
the router prompt.

D Path Length in Trajectory Generation

We constrain trajectory length to 4-7 steps to keep
the difficulty and temporal context comparable to
natural VLN data. Figure 7 shows the statistics of
the path length. To be noted, the R2R, ScaleVLN,
SRDF datasets, and our Temporal Order Planning
datasets have significantly fewer instructions with
a 4-step trajectory.

E Synthetic Data Integrity and Leakage
Analysis

We analyze our synthetic data to test whether
agents learn meaningful semantics rather than over-
fitting to linguistic triggers, and to verify that the
datasets do not leak information into evaluation
splits.

E.1 Skill Keyword Coverage

We randomly sampled 100 instructions from each
skill-specific dataset and manually extracted high-
frequency keywords or phrases associated with
motion, regions, and objects. The utilization of
GPT-4o for instruction generation during dataset
construction introduces linguistic diversity, expand-
ing the vocabulary beyond the R2R and GSA-R2R
datasets. For instance, the Direction Adjustment
synthetic dataset includes complex phrases such as
“adjust your direction to align with...”.

Human evaluation on the synthetic datasets re-
veals that keyword presence is not a reliable proxy

for action, preventing agents from overfitting to
specific words. A notable example is the preposi-
tion “down’. In the instruction “proceed down the
hallway’, the term “down’ implies forward progres-
sion from one end to the other, whereas in vertical
contexts, it denotes an elevation change. This se-
mantic ambiguity forces the agent to rely on visual
context and sentence structure rather than mapping
the word “down” exclusively to a vertical motion
primitive.

Table 9 reports keyword coverage across
datasets. Each synthetic dataset exhibits a dom-
inant proportion of keywords associated with its
target skill, confirming the effectiveness of targeted
data generation. At the same time, substantial lin-
guistic overlap and semantic complexity across
datasets encourage the learning of robust, context-
aware policies instead of dataset-specific shortcuts.

The Vertical Movement dataset provides a par-
ticularly informative case. As shown in Table 9, it
contains a high density of non-vertical concepts, in-
cluding Landmark Object keywords (18.72%) and
Direction Motion keywords (8.05%), compared
with only 3.32% Vertical Motion keywords. This
reflects the physical nature of vertical navigation,
which necessarily involves horizontal motion rel-
ative to landmark structures. Despite this lexical
overlap, the Vertical Movement dataset remains
the primary source of Vertical Motion keywords,
with less than 0.2% in all other datasets. Moreover,
all trajectories in this dataset are strictly filtered to
ensure consistent elevation changes in the simula-
tor. As a result, the agent cannot rely on generic
movement words or visual objects such as stairs as
direct triggers for vertical behavior. Instead, per-
formance gains arise from the precise alignment
between linguistic cues, visual affordances, and
trajectory constraints. This alignment encourages
the learning of a robust compositional policy rather
than a brittle keyword-to-action mapping.

E.2 Skill Agents to Skill Synthetic Datasets

To further assess specialization and generalization,
we evaluate each skill-specific agent on both its
own synthetic dataset and the other skill-specific
datasets. Table 10 reports the success rate (SR) and
success weighted by path length (SPL) for all cross-
skill evaluations. Each agent achieves its strongest
performance on the dataset corresponding to its
trained skill, while maintaining non-trivial perfor-
mance on the remaining datasets. This pattern indi-
cates that although the agents develop skill-specific
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Figure 7: The statistics of the path length of our synthetic datasets compared with existing VLN datasets. The
R2R, ScaleVLN, SRDF datasets, and our 6 skill-specific datasets are all for training, while only GSA-R2R is for

evaluation.

Table 9: Keyword coverage analysis across synthetic datasets. The coverage is measured by the proportion of words
in the dataset that match the target skill keywords. Bold indicates the highest coverage for each keyword category.

Ident.= Identification.

Dataset Direction Vertical Stop Landmark Region
/ Keyword Motion = Motion Motion Object Type

Direction Adjustment 14.56 % 0.03% 0.06% 13.64% 9.62%
Vertical Movement 8.05% 3.32% 0.01% 18.72% 9.46%
Stop and Pause 12.56% 0.18% 18.12% 18.02% 9.57%
Landmark Detection 9.53% 0.11% 0.97% 27.88 % 7.58%
Area and Region Ident. 7.86% 0.05% 0.10% 16.39% 19.89%

expertise, they do not collapse into narrowly overfit
behaviors.

E.3 Skill to Temporal Subsets

We additionally conduct cross-style evaluation on
each skill-based agent using synthetic temporal
datasets. For this setting, each agent is trained on
its skill-specific synthetic data combined with the
temporal order planning synthetic data, and then
evaluated on four temporal subsets filtered from
R2R Val Unseen. These subsets capture different
forms of temporal reasoning, including Conditional
Immediacy, Duration Bound, Forward Sequential,
and Reverse Sequential instructions.

Table 11 presents SR and SPL on the four tempo-

ral subsets. All evaluations are performed on syn-
thetic instructions that are specifically designed to
remove superficial linguistic cues. The consistent
performance across temporal subsets demonstrates
that agents trained with skill-specific synthetic data
retain strong compositional and temporal reason-
ing abilities, rather than overfitting to surface-level
instruction patterns.

E.4 Data Leakage Assessment

We evaluate whether GSA-R2R gains could be
driven by data leakage from shared scenes or in-
struction augmentation. Two potential channels are
considered: (1) vision-level scene overlap through
HM3D-based augmentation and (2) language-level
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Table 10: Each synthetic subset reports both SR and SPL for agents trained and tested on synthetic instructions.
Bold indicates the highest result in each column.

Direction Vertical Stop Landmark Region

Agent Synthetic Synthetic Synthetic Synthetic Synthetic

SR SPL SR SPL SR SPL SR SPL SR SPL
Direction DUET 49.33 43.35 38.89 30.77 41.11 3644 38.44 34.12 3556 3092
Vertical DUET 3556 31.11 65.11 55.65 39.78 3596 37.78 33.69 36.00 30.72
Stop DUET 36.22 31.79 34.67 2737 52.67 48.55 4222 3876 4222 36.12
Landmark DUET 36.00 3046 46.00 38.35 41.11 36.69 4422 3998 38.67 34.02
Region DUET 34.00 28.89 4956 41.51 38.44 3397 3644 3290 36.67 43.02

Table 11: Each temporal subset reports both SR and SPL, and all agents are trained and tested on synthetic
instructions designed to remove superficial linguistic cues. Bold indicates the highest result for each metric within
the subset.

Conditional Duration Forward Reverse
Agent Immediacy Bound Sequential Sequential

SR SPL SR SPL SR SPL SR SPL
ScaleVLN 84.29 7629 76.27 6745 79.53 6892 7429 6697
Temporal DUET 88.57 82.18 84.18 7490 85.83 7693 88.57 81.72
Direction DUET  84.29 77.57 83.05 76.69 8583 7799 8429 76091
Vertical DUET 86.43 7971 79.66 7431 86.61 80.35 80.00 75.08
Stop DUET 85.00 7991 8192 7459 8740 80.34 8286 77.15
Landmark DUET 87.14 81.58 80.79 7543 88.19 8147 8143 77.72
Region DUET 85.00 80.06 79.66 7293 8740 8042 7429 69.86

instruction overlap between training data and the
GSA-R2R test sets. HM3D overlap is shared by
all competing methods and does not uniquely ben-
efit SkillNav, and we find no meaningful language-
level leakage from either ScaleVLN or our syn-
thetic datasets.

Vision-Level Scene Data Overlap with HM3D.
Each SkillNav agent is fine-tuned with ScaleVLN
augmentation data that includes 899 HM3D scans;
GSA-R2R also contains HM3D scenes. SRDF and
ScaleVLN use the same HM3D-based augmenta-
tion, so any scene-level overlap affects all meth-
ods equally rather than uniquely benefiting Skill-
Nav. Our synthetic skill trajectories are constructed
only from the seen split of MP3D R2R, not from
GSA-R2R, preventing direct trajectory or instruc-
tion leakage.

No Language-Level or Instruction Leakage.
We first analyze the vocabulary overlap between
the ScaleVLN augmentation instructions and the
GSA-R2R test instructions, since ScaleVLN is
used for vision-level fine-tuning and is the primary

potential source of language leakage.

All instructions are lowercased and tokenized
using the regular expression ([a-zA-Z’J+) to con-
struct unique vocabularies. Under this protocol, the
ScaleVLN augmentation file contains 208 unique
tokens. Although ScaleVLN includes 2,891,134
instruction entries, these instructions are generated
by a constrained template-based pipeline with a
fixed pool of action verbs, spatial prepositions, and
object categories. As a result, the number of unique
token types remains small despite the large number
of instruction instances.

ScaleVLN vs. GSA-R2R Vocabulary Overlap.
Table 12 reports the vocabulary overlap between
ScaleVLN augmentation instructions and the three
GSA-R2R test splits. While ScaleVLN covers a
large fraction of its own limited vocabulary in GSA-
R2R, the coverage of the GSA-R2R test vocabulary
by ScaleVLN remains low. In particular, across the
union of all three GSA-R2R test sets, only 196 out
of 1,645 tokens overlap, corresponding to 11.9%
test vocabulary coverage. This indicates that the
majority of GSA-R2R test words are not observed
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in ScaleVLN augmentation.

Table 12: Vocabulary overlap between ScaleVLN aug-
mentation instructions and GSA-R2R test sets.

GSA-R2R Test Split ~ Overlap Test Vocab Size Coverage (%)

Residential Basic 186 514 36.2
Non-Residential Basic 166 578 28.7
Non-Residential Scene 168 1,376 12.2
Union of All Tests 196 1,645 11.9

We also report the vocabulary coverage of our
GPT-40-generated synthetic skill datasets with re-
spect to the union of all GSA-R2R test vocabularies.
The atomic skill coverage ranges from 21.95% to
27.72% across different skill types. Even in the
highest case (Temporal Order Planning skill), more
than 58% of the GSA-R2R test vocabulary remains
unseen. This confirms that our synthetic language
does not duplicate the GSA-R2R test distribution.

Taken together, these results demonstrate that
the performance gains on GSA-R2R cannot be
explained by either vision-level or language-level
data leakage from HM3D, ScaleVLN, or our syn-
thetic annotations. Instead, the improvements stem
from the proposed skill decomposition and compo-
sitional learning framework.

F Reproducibility Details

We evaluate two model configurations: the standard
ScaleVLN setup and the SRDF-augmented Skill-
Nav variant. Both architectures utilize ViT-B/16 to
extract 768-dimensional object features and adhere
to an identical two-stage training protocol.

For the ScaleVLN configuration, we employ
CLIP-B/16 (Radford et al., 2021) as the visual en-
coder with a feature dimension of 512 and BERT-
base-uncased (Devlin et al., 2018) as the language
backbone, while utilizing ViT-B/16 to extract ob-
ject features with a dimension of 768. During
the skill training, we fine-tune the DUET pre-
trained model with Temporal Order synthetic data,
ScaleVLN augmentation data, and R2R Train data
for 50, 000 iterations using a batch size of 32 and
a learning rate of 5 x 1075 on 1 NVIDIA A6000
GPU with the random seed 0. The best finetuned
Temporal DUET model is selected based on the
SPL performance on the R2R Validation Unseen
dataset. Based on the Temporal DUET, we employ
the second round fine-tuning with atomic skill syn-
thetic data for 30, 000 iterations with a batch size
of 16 on the same GPU, a protocol that the SRDF-
augmented SkillNav variant also follows regarding

optimizer, learning rate, and iteration budget.

For the SRDF-augmented SkillNav variant, we
replace the visual encoder with InternViT-6B and
set the feature dimension as 3200 while retaining
the same 768-dimension object features from ViT-
B/16. Training follows the same two-stage recipe
as the ScaleVLN variant: (1) 50,000 iterations on
Temporal Order synthetic data, ScaleVLN augmen-
tation, and R2R Train with AdamW, batch size 32,
and learning rate 5 X 107°; (2) 30,000 iterations
on atomic skill synthetic data with batch size 16.
Both stages run on a single NVIDIA A6000 GPU
with random seed 0, keeping optimizer and hyper-
parameters identical across variants.

The router is run with a maximum context length
of 40,960 tokens, a temperature of 0, and greedy
decoding. All router inferences are executed under
the vLLM framework using five beam search can-
didates. The routing decision is performed in top1
mode with argmax feedback. Instruction reorder-
ing is enabled, and routing weights are treated as
integers and normalized before use.

All experiments are evaluated in test-only mode
with detailed output and submission enabled.
Multiple expert checkpoints are loaded through
resume_files, with their corresponding normal-
ized resume_weights. The external VLM router
is accessed via a dedicated server URL specified by
router_server_url. The feature backbone uses
CLIP ViT-B/16 with 512-dimensional visual fea-
tures, and all evaluations are conducted with a fixed
random seed O for deterministic behavior. Batch
size is explicitly specified in the execution scripts
for each model configuration.

To support reproducibility of the routing and fall-
back behavior, we release the exact action routing
prompt template used for Qwen2.5-VL-7B-Instruct
and GLM-4.1v-9B-Thinking in Appendix O.3, List-
ing 4 and Listing 5.

Artifact Use. We use R2R, GSA-R2R, NavNu-
ances, Matterport3D/HM3D, DUET, ScaleVLN,
SRDF, GPT-40, Qwen2.5-VL, GLM, and InternVL
as research artifacts for benchmark evaluation,
feature extraction, navigation-policy initialization,
synthetic instruction generation, and routing. Our
use follows their intended academic research roles:
public VLN benchmarks are used for training/eval-
uation, prior VLN models are used as baselines or
initialization backbones, and LLM/VLM systems
are used for data synthesis and inference-time rout-
ing. Users of released code or data should follow
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the corresponding dataset, model, and API licenses
or terms of use.

G Temporal Order Planning Agent

As introduced earlier, the training of each skill-
based agent follows a two-stage fine-tuning strat-
egy. In the first stage, we fine-tune a pre-trained
DUET model using a combination of the R2R
training split, ScaleVLN augmentation data, and
our proposed Temporal Synthetic dataset, resulting
in a strong skill-agnostic backbone. We evaluate
this first-stage model on the R2R Val Unseen split
across four temporal logic subsets.

Temporal Order Planning captures the agent’s
ability to reason over the sequence and structure
of subgoals. Compared to ScaleVLN, our model
demonstrates improved temporal reasoning capa-
bilities, as detailed in Table 13. This improvement
comes from enhanced Temporal Order Planning,
which enables the agent to reason about the se-
quence and structure of subgoals. The Temporal
Order Planning subsets include:

* Conditional immediacy: The agent must ex-
ecute an action immediately after a specific
condition is met. These instructions are typ-
ically triggered by phrases such as once, as
soon as, or upon. (e.g., “Once you enter the
hallway, turn left”)

* Bounded duration: The agent is required
to maintain an action until a specific condi-
tion becomes true. These instructions use key-
words such as until or while. (e.g., “Keep
walking until you see the staircase”)

* Forward sequential: These instructions de-
scribe a sequence where Action B follows Ac-
tion A in order. Temporal cues include then,
finally, before, and after. (e.g., “Go forward,
then turn right, and finally stop”)

* Backward sequential: Action B is described
first but should occur only after Action A.
These often use similar cues as (e.g., “Before
turning, make sure you’re at the hallway en-
trance”), but the order of mention and execu-
tion differs.

Unlike low-level action chaining, temporal or-
der planning involves higher-level temporal logic
that determines when and how atomic skills should
be executed in sequence. As shown in Table 13,

our Temporal Synthetic Data improves naviga-
tion in failure cases where prior methods such as
ScaleVLN struggle.

H Stop and Pause Agent

The Stop and Pause agent integrates two stopping
mechanisms within the DUET framework: (1) the
agent can explicitly issue a stop action at a given
viewpoint; and (2) if the agent does not explicitly
stop when the navigation loop ends, DUET ret-
rospectively selects the visited location with the
highest stop probability and optionally appends a
shortest path to reach it. Since we apply a stopping-
focused data augmentation strategy that exposes the
model to diverse stop-relevant cues during training,
this supervision enables the agent to distinguish
between the two stopping mechanisms and to learn
when stopping aligns with the instruction intent
and visual context. Although NavNuances does
not include a dedicated stopping split, our Stop
agent still outperforms generalist baselines like
ScaleVLN and SRDF across all skill categories
(Table 5), suggesting that effective stopping is a
foundational capability that influences the success
of diverse navigation behaviors.

I Skill Routing Effectiveness

1.1 Action Router Ablations

As shown in Table 3, the Random baseline achieves
a high success rate of 78.39% on Test-R-Basic,
confirming that the underlying skill-based agents
are inherently capable of executing navigation sub-
goals. However, the necessity of active reasoning
becomes evident in the Test-N-Scene split. In these
novel environments, VLM-based routers consis-
tently outperform the random baseline, proving
that semantic understanding is crucial for correctly
routing instructions to skills when the scene is un-
known. Among the models, GPT-40 demonstrates
the strongest generalization, achieving the high-
est Test-N-Scene performance with 58.16% SR
and 48.96 SPL. This indicates that while the base
agents provide a solid foundation, advanced reason-
ing models are the key differentiator for handling
the complexity of unseen scenes.

1.2 Skill Transition

Regarding inter-skill interaction and interference,
we computed the transition probability matrix
P(next | current) to map temporal dependencies
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Table 13: Navigation performance across 4 temporal logic instructions from R2R Val Unseen dataset. Bold values
denote metrics that exceed the R2R Val Unseen average, while gray values indicate metrics that fall below the
average. Temporal DUET is the agent fine-tuned with the Temporal Order Planning synthetic dataset in the first

training stage.

Model Val Conditional Bounded Forward Backward
Unseen Immediacy Duration Sequential Sequential
ScaleVLN (SR) 79.23 84.29 76.27 79.53 74.29
Temporal DUET (SR) 82.59 88.57 84.18 85.83 88.57
ScaleVLN (SPL) 69.96 76.29 67.45 68.92 66.97
Temporal DUET (SPL) 75.40 82.18 74.90 76.93 81.72

between skill. The data suggests cooperative chain-
ing rather than negative interference. For instance,
Landmark Detection has a very high probability
of transitioning to Stop and Pause (0.3516), indi-
cating that the agent correctly utilizes landmarks
as verification signals to identify the goal location.
Similarly, Direction Adjustment frequently leads
to Area and Region Identification (0.3916), sug-
gesting a behavior where the agent re-orients it-
self physically before re-evaluating the semantic
context of the room. Notably, the transition from
Landmark to Direction is 0.00, implying that once
a specific landmark is identified, the agent priori-
tizes verification (stopping) or vertical navigation
over immediate rotational correction.

We analyze the skill routing in R2R Val Unseen
of SkillNav with Qwen2.5-VL-7B in the following
table

I.3 Human Evaluation of Skill Routing

To address the concern regarding the routing mech-
anism’s decision-making process, we conducted a
detailed human evaluation of failure cases in the
R2R Val-Unseen split. By analyzing the specific
steps where the agent failed, we provide evidence
that the router is not behaving as a “black box”, but
rather as a linguistically competent planner that is
primarily bottlenecked by visual grounding limita-
tions.

We examined 17 distinct failure cases where spe-
cific step-level data was available. Quantitatively,
the average success rate of the routing mechanism,
defined as the proportion of steps completed suc-
cessfully before the first failure, is 24.5%:

i Z first_failure_step — 1
N #routing_steps

This indicates that while the agent effectively initi-
ates navigation, critical routing errors tend to occur

in the early-to-mid stages of the trajectory.

Skill Selection and Visual Grounding. The core
analysis reveals that the router’s failures are not
random but instead exhibit a clear pattern of visual
grounding deficits. The Landmark Detection ex-
pert is severely under-utilized, being the optimal
skill in 76% (13 of 17) of the analyzed failures, yet
the router correctly selected it in only one instance.
Instead of activating the Landmark expert to iden-
tify specific objects—such as a curio cabinet or
bed—the router frequently defaulted to coarser nav-
igational skills like Region Identification (6 cases)
or Direction Adjustment (5 cases). This mismatch
indicates that while the router successfully inter-
prets the linguistic instruction to move or change
areas, it fails to bind the instruction to the specific
visual target required to trigger the Landmark ex-
pert. This confirms that the VLM experts still strug-
gle to bind visual object references effectively even
with Temporal Reordering in place, suggesting that
the primary error source is visual grounding rather
than high-level planning logic.

Failure Modes. Qualitative analysis identifies
several specific mechanisms by which these fail-
ures manifest. A frequent cause of early failure
is initial viewpoint misalignment, where the agent
starts with an orientation that does not align with
the instruction; this initial drift often propagates
downstream as the router struggles to recover from
an incorrect starting heading.

Hallucinations also play a significant role in de-
railing routing. For example, the agent generated a
subgoal to “Position yourself beside the glass case
with the dolls” when the instruction simply stated
“Enter the bedroom, illustrating that the action
router can create irrelevant descriptions grounded
in neither the text nor the view which subsequently
propagate incorrect skill choices.
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Table 14: Inter skill transition probabilities P(next | current).

Direction Vertical Stop Landmark Region
Direction 0.3449 0.1971 0.1374 0.2108 0.3916
Vertical 0.3415 0.2414  0.1729 0.0931 0.1035
Stop 0.0610 0.2385  0.2296 0.1854 0.2984
Landmark  0.0000 0.2044  0.3516 0.2711 0.0280
Region 0.2525 0.1186 0.1084 0.2397 0.1785

Furthermore, even when the router selects the
correct skill, execution can still fail due to con-
troller limitations. For instance, valid Direction
transitions failed when multiple direction subgoals
were stacked (e.g., “Turn left. Turn right. Turn left
again.”), indicating that the skill-conditioned con-
trollers themselves can become a bottleneck during
complex sequences. Finally, the router occasion-
ally fails to generate necessary “Stop” subgoals
or struggles with ambiguous spatial prepositions,
leading to incorrect termination points.

In summary, the analysis demonstrates that the
routing mechanism is not acting as a random black
box. It exhibits strong instruction understanding
capabilities—often sequencing subgoals correctly
in text—but acts as a bottleneck when it relies on
textual priors over visual evidence. The frequent
substitution of Region/Direction skills for Land-
mark skills highlights that improving the router’s
ability to attend to visual object cues is the most
critical path for future performance gains.

I.4 SkillNav is Not Data Augmentation

We clarify that SkillNav is not a data augmentation
method, even though it uses synthetic skill-specific
data for training individual skill agents. The role
of synthetic data in our framework is to enable ex-
plicit specialization of atomic skills, not to improve
a single monolithic policy. The core contribution
of SkillNav is the explicit decomposition of navi-
gation into atomic skills and the dynamic recom-
position of these skills at inference time through a
structured MoE routing mechanism. This is funda-
mentally different from data augmentation, which
still relies on a single end-to-end policy without
modular execution or dynamic expert selection.

To empirically address this concern, we con-
ducted controlled experiments (Table 15 on GSA-
R2R and Table 5 on NavNuances) comparing Skill-
Nav against a “Mixed Skills” baseline, a single
monolithic DUET agent fine-tuned on the union of
all synthetic skill data used in SkillNav.

If the performance gains were driven solely by
data augmentation, the “Mixed Skills” agent should
match SkillNav’s performance. However, our re-
sults show the opposite, confirming that structural
decomposition (MoE), not data volume, is the
driver of improvement.

As shown in Table 15, the “Mixed Skills” agent
achieves an SR of 54.26% on Test-N-Scene, which
is statistically indistinguishable from the baseline
ScaleVLN (54.50%). In stark contrast, SkillNav
achieves 56.66% SR (+2.4% absolute gain). This
gap confirms that simply exposing a model to com-
positional data is insufficient. The model requires
the MoE architecture to dynamically route sub-
problems to specialized experts rather than forcing
a single network to learn conflicting behaviors.

Table 5 illustrates why the monolithic approach
fails and why our MoE method aligns with the
motivation of compositional reasoning.

* Task Interference in Monolithic Models:
The “Mixed Skills” agent attempts to learn
all behaviors simultaneously, resulting in di-
luted performance. For example, on Direc-
tion Change (DC), the Mixed model scores
66.84%.

* Superiority of Specialized Experts: The
specialized “Direction Adjustment” expert
achieves 70.81% on DC, significantly outper-
forming the mixed model. Similarly, the “Ver-
tical Movement” expert achieves 87.65% SR
on VM tasks, compared to 84.11% for the
mixed model.

This demonstrates that SkillNav functions as a true
MokE system: it leverages agents that have “overfit”
to specific atomic skills (high performance in their
domain, lower in others) and uses the router to
compose them. A data augmentation approach
cannot replicate this sharpness in skill execution.
The Role of Temporal Reordering in MoE Fi-
nally, we clarify that the Temporal Reordering
Module is not an auxiliary processing step but
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a structural prerequisite for the MoE router. As
shown in our ablations, without reordering, the
router struggles to simultaneously decouple tem-
poral segmentation from skill classification. The
reordering module provides the necessary planning
scaffold (an ordered list of subgoals), allowing the
router to focus exclusively on visual grounding and
expert selection.

LI.5 Novel Instruction Handling Mechanism

We clarify that the improvement on Test-N-Scene
does not come from the Temporal Reordering mod-
ule alone, nor is it due to any scene-specific instruc-
tion handling built into the model. Instead, the gain
arises from the joint effect of structured temporal
planning and Mixture-of-Skills execution, which
together enable SkillNav to better handle complex,
long-horizon, and stylistically diverse instructions.

The Temporal Reordering Module plays a struc-
tural role inside the routing pipeline. It converts
free-form instructions into an explicitly ordered
subgoal sequence and supplies this sequence only
to the action router for subgoal localization. Im-
portantly, it does not execute actions, nor does it
provide any extra semantic supervision to the skill
agents. All skill-based agents still operate solely
on the original full instruction and visual observa-
tion. Therefore, temporal reordering alone cannot
account for the navigation improvement.

The action router is responsible for mapping
each localized subgoal to the appropriate special-
ized skill agent. Without the MoE routing, the sys-
tem cannot translate the reordered plan into skill-
conditioned execution. This is directly supported
by our ablation results: when routing is random
or misaligned, performance drops even with tem-
poral reordering enabled. Conversely, when both
reordering and structured MoE routing are enabled,
performance becomes stable and significantly im-
proves, especially on Test-N-Scene.

Scene-style instructions in Test-N-Scene are typ-
ically written in a travel-speaker or tour-guide style,
with rich descriptive language, delayed action cues,
and loosely structured narration. For example, in-
structions often follow a pattern such as: “Alright
folks, let’s take a gentle stroll down these beauti-
ful marble steps... keep going straight ahead. ..
you’ll notice the stone pillars on your left. .. right
beyond them, the large double doors... that’s
where we’ll pause.”

In summary, the performance gains on Test-N-
Scene cannot be attributed to the reordering mod-

ule alone. Temporal reordering reduces ambigu-
ity in planning, while the MoE router is essential
for translating each subgoal into the correct expert
action. The improvement comes from their tight
integration, validating that the gain is fundamen-
tally due to structured compositional reasoning via
skill recomposition, rather than instruction parsing
alone.

Qualitative Example: Routing on a Scene-Style
Instruction. To illustrate this synergy, consider a
typical narrative instruction from Test-N-Scene:

“Alright folks, let’s take a gentle stroll down
these beautiful marble steps here. Keep going
straight ahead, and you’ll notice those magnificent
stone pillars on your left. Just keep moving forward
until you see the wooden confessionals and, right
beyond them, those impressive large double doors.
That’s where we’ll pause.”

The Temporal Reordering module first distills
this narrative into discrete subgoals (e.g., “Begin
walking down the marble steps,” “Observe the
stone pillars,” etc.). However, SkillNav does not
rigidly execute this list; instead, it dynamically
routes control based on the visual environment.

J R2R Performance Ceiling and
GSA-R2R Generalization

The smaller improvement on R2R and larger im-
provement on GSA-R2R come from two factors:
limited headroom on R2R and a stronger distri-
bution shift in GSA-R2R. R2R is approaching a
performance ceiling. As reported in the original
R2R benchmark, human navigators achieve an SR
of 0.86 and SPL of 0.76 on the R2R test set (An-
derson et al., 2018). SkillNav reaches an SR of
0.84 and SPL of 0.77 (Table 16), effectively match-
ing human-level path efficiency. As a result, the
remaining headroom for large absolute gains on
this benchmark is limited.

By contrast, SkillNav is designed for generaliza-
tion rather than only in-domain performance. GSA-
R2R contains colloquial, temporally complex, and
dialogue-style instructions. In this setting, the spe-
cialized atomic skills, such as Landmark Detection
and Area/Region Identification, act as robust an-
chors for execution. A monolithic agent can be
distracted by conversational fillers in a travel-guide-
style instruction, whereas the VLM-based router
can identify the core navigation intent and route it
to the appropriate specialized expert. This explains
why the improvement scale is larger on GSA-R2R:
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Table 15: GSA-R2R DUET agent performance (SR/SPL) on Test-R-Basic, Test-N-Basic, and Test-N-Scene. Ident.
= Identification. It shows that data augmentation alone fails.

| Test-R-Basic | Test-N-Basic | Test-N-Scene

Agent

| SR SPL | SR SPL | SR  SPL

ScaleVLN 78.12 66.70 | 69.13 57.16 | 54.50 42.70
Mixed Skills 77.60 66.76 | 70.23 59.32 | 54.26 43.68
Direction Adjustment | 78.80 68.40 | 70.88 59.53 | 53.48 42.22
Vertical Movement 7842 67.52 | 70.58 59.22 | 54.57 43.78
Landmark Detection 78.56 67.84 | 70.41 59.65 | 54.27 44.77
Area and Region Ident. | 78.22  68.24 | 71.27 60.81 | 54.60 44.93
Stop and Pause 78.38 67.93 | 70.03 5H8.77 | 53.44 42.02
SkillNav 78.83 68.88 | 71.58 61.34 | 56.66 47.96

Table 16: Performance comparison with human naviga-
tion on the R2R test set.

Method / Navigator SRT SPL1

Human (Upper Bound) (Anderson et al., 2018)  0.86 0.76
SkillNav (Ours) 0.84 0.77

the benchmark stresses linguistic and environmen-
tal generalization, while R2R primarily measures
performance in a near-saturated in-domain setting.

K Broader Generalization on
RxR-English

We evaluate SkillNav zero-shot on RxR-
English (Ku et al., 2020) to test generalization to
longer and denser instructions than R2R. RxR
emphasizes fine-grained path following and
contains longer trajectories, so nDTW is especially
informative because it penalizes deviations from
the intended path rather than only checking final
goal success. All models use the same image
features and hyperparameter settings as their
corresponding R2R/GSA-R2R configurations,
with no RxR fine-tuning.

These results in Figure 3 complement GSA-R2R.
REVERIE primarily tests remote object grounding,
R4R emphasizes extended path composition, and
RxR emphasizes dense path adherence. The RxR
gains therefore support the claim that the modu-
lar decomposition improves instruction-following
fidelity beyond the main R2ZR/GSA-R2R setting.

L. Efficiency Analysis

All experiments in efficiency analysis in Section 5.4
run on NVIDIA A6000. For the inference cost in
Table 7, the number of predictions is 14, 400 for

Test-R-Basic and 9, 000 for Test-N-Basic. For fair-
ness, MapGPT is re-implemented with Qwen?2.5-
VL-7B-Instruct.

To isolate router overhead, we disable Tempo-
ral Reordering and compare three VLM routers
on GSA-R2R. As shown in Table 17, Qwen2.5-
VL-7B-Instruct runs fastest at 18.12 seconds
per sample, while GLM-4.1V-9B-Thinking and
InternVL3.5-8B increase per-sample latency to
55.99 and 79.16 seconds, respectively. Heavier
routers therefore incur substantial runtime cost
without material gains in routing robustness.

Table 17: Runtime cost of VLM routers on GSA-R2R
with Temporal Reordering disabled. Lower is better.

Router Inf. Time/Step (s) Inf. Time/Case (s)
Qwen2.5-VL-7B-Instruct 1.57 18.12
GLM-4.1V-9B-Thinking 4.74 55.99
InternVL3.5-8B 6.54 79.16

Furthermore, while SkillNav incorporates ap-
proximately 50% more reasoning steps and richer
historical visual context than FlexVLN to ensure
robust long-term reasoning, it maintains superior
operational efficiency and an optimized token-to-
performance ratio as detailed in Table 18.

L.1 Why the skill-based agents are not
VLM-based models

The SkillNav framework itself is model-agnostic
and only assumes the availability of specialized
skill executors. In principle, these skill execu-
tors could be instantiated by any policy model. In
our implementation, however, we deliberately use
pretrained supervised VLN backbones rather than
VLMs for skill execution, based on both effective-
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Table 18: Real-time Inference Latency and Deployment
Token Consumption Analysis.

# Calls Tokens Inf. Time (s)
Model (Router) /Case  /Case /Case
NavGPT (GPT-40-mini) 14.3 32,887 42.00
FlexVLN (GPT-40-mini)  6.92 4,059 20.40
SkillNav (GPT-40) 10.26 10,946 9.69

ness and efficiency considerations.

From an effectiveness perspective, existing LLM
or VLM-based VLN agents such as MapGPT,
NavGPT-2, VLN-R1, and DiscussNav consistently
lag behind supervised VLN models on R2R, and
more importantly, they exhibit unstable generaliza-
tion on GSA-R2R. This shows that directly using
MLLMs as low-level action policies is still unreli-
able for precise and robust navigation, especially
in unseen environments.

From an efficiency perspective, our analysis
in Section 5.4 already shows that using a single
MLLM as the router makes SkillNav about 50 x
slower than a fully supervised VLN model. The
throughput ablation in Table 17 further quanti-
fies this cost across different routers: even among
zero-shot VLM, per-sample inference ranges from
18.12 to 79.16 seconds, indicating that the router
alone is already the dominant computational bottle-
neck. If we further replace each low-level skill ex-
ecutor with an MLLM or VLM, the system would
require multiple MLLM inferences per naviga-
tion step, which would introduce another order-of-
magnitude slowdown. This would make the system
impractical for real-time or large-scale deployment
in real-world embodied settings.

In summary, SkillNav is a general, model-
agnostic, skill-based framework that is fully com-
patible with the MLLM paradigm at the routing
and planning level. However, for executing atomic
navigation skills, we intentionally prefer pretrained,
compact VLN backbones over VLMs, because they
provide significantly better accuracy, efficiency,
and spatial control reliability for low-level navi-
gation.

M Evidence of Supervised Agents’
Memorization

While recent methods like ScaleVLN and SRDF
have indeed narrowed the performance gap on stan-
dard splits (val-seen vs. val-unseen), this improve-
ment does not reflect true generalization. Instead,
our analysis suggests these methods rely on linguis-

tic memorization (due to high distribution overlap)
and task-specific overfitting (via augmentation con-
struction), causing them to fail in rigorous general-
ization benchmarks like GSA-R2R.

Linguistic Memorization due to Distributional
Homogeneity. The “unseen” environments in
R2R benchmarks are not linguistically novel. Our
analysis of the R2R instruction vocabulary re-
veals that the distribution of instructions in vali-
dation splits is statistically indistinguishable from
the training distribution. There is a Jaccard sim-
ilarity score of 0.9992 between instruction sets,
with effectively perfect token coverage. The Co-
sine similarity of token frequency vectors is 1.0,
and the Jensen—Shannon divergence is negligible
(8.2 x 1079). This implies that the “narrowing gap”
is likely due to models memorizing these static
linguistic patterns, which remain constant across
splits, rather than learning to ground instructions
in truly unseen visual environments.

Failure in Robust Generalization Benchmarks
(GSA-R2R). To test if the performance gap re-
duction translates to real-world robustness, we eval-
uated these methods on GSA-R2R, a benchmark
designed to test generalization beyond standard
splits.

Despite high scores on standard R2R, both
ScaleVLN and SRDF exhibit significant perfor-
mance drops in GSA-R2R testing.

Crucially, this failure persists even when the aug-
mentation data includes scenes that were techni-
cally “seen” during training. This indicates that
their success on R2R is brittle and relies on specific
dataset biases that do not hold in broader general-
ization scenarios.

Methodological Memorization via Data Con-
struction. Finally, we argue that the definition of
“memorization” extends to the training methodol-
ogy.

Methods like SRDF require constructing specific
augmentation data tailored for each new task.

This reliance on constructing task-specific priors
acts as a form of structural memorization. The
model is not generalizing to a new task zero-shot;
it is overfitting to the constraints provided by the
engineered augmentation data.

N LLM Usage

We used LLM-based tools for polishing grammar
and aiding in writing. In addition, we utilize a LLM
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to generate synthetic instructions for skill-specific
datasets as described in Section 4.2. Moreover,
LLMs and VLMs serve as our temporal reordering
module and action router in Section 4.3.

O LLM and VLM Prompts

In this section, we provide the prompts used in data
construction and all components of SkillNav.

0.1 Prompts for Skill-specific Data Synthesis

To generate skill-focused instruction, we feed the
observation sequence of each candidate trajectory
into GPT-40 with the structured prompt, in List-
ing 1 and Listing 2. Both of prompts are tailored
for GPT-4o.

Temporal Order Planning Skill Data Construc-
tion. The detailed prompt for Temporal Order
Planning Skill data construction can be seen in
Listing 1.

Atomic Skills Data Construction. The 5 atomic
skills in VLN share the same prompt (in Listing 2)
for their skill-specific data synthesis.

0.2 Prompt for Temporal Reordering Module

The Temporal Order Module only takes the original
natural language instruction as input. It applies the
instruction reordering prompt to turn navigation
instructions into subgoals Iieorder- The prompt is
shown in Listing 3, utilizing GPT-40 as the genera-
tion model.

0.3 Prompts for Action Router

The Action Router dynamically selects the most
suitable agent at each time step, which can be struc-
tured into two distinct reasoning phases: Phase 1
Subgoal Localizer and Phase 2 Skill Router. We
provide the detailed prompt for the two phases,
respectively. They can be used for either Qwen2.5-
VL-7B-Instruct or GLM-4.1V-Thinking-9B. .

Subgoal Localizer. The Subgoal Localizer iden-
tifies the next subgoal to be executed for the current
time step and outputs the corresponding reasoning
trace. Listing 4 contains the prompt for the subgoal
localizer, which takes all reorder subgoals, the pre-
viously executed subgoals, and the prior selected
viewpoints as input.

Skill Router. The skill router determines which
skill-based agent is most appropriate for execut-
ing the selected subgoal among the 5 skill-based

agents. Besides, it receives the original instruction
as contextual input to capture additional linguistic
cues such as verbs and spatial references. It also
uses the reasoning trace from the subgoal localizer
to enhance its understanding of the current subgoal.
The whole process is displayed in Listing 5.

Execution begins when the router detects the
stair structure and assigns the current subgoal to
the Vertical Movement skill. Crucially, this agent
receives the original full instruction. Upon activa-
tion, it parses the complete narrative to locate and
attend to the specific phrase “down these beauti-
ful marble steps,” grounding this text to the visual
descent while ignoring later landmark descriptions.

Once the agent descends and aligns with the cor-
ridor, the router shifts control to the Direction Ad-
justment skill. This agent processes the full instruc-
tion to isolate the directive “keep going straight
ahead,” executing the forward movement. Subse-
quently, when the router activates the Landmark
Detection skill for the “stone pillars’ subgoal, the
agent again references the original text. It attends to
the detailed description—‘magnificent stone pillars
on your left”—to perform precise visual ground-
ing, ensuring the agent identifies the specific object
mentioned in the tour.

Finally, the router tracks the destination using
the Stop and Pause skill. This agent verifies the vi-
sual presence of the doors against the instruction’s
final clause (“that’s where we’ll pause”) before ter-
minating the episode. Throughout the trajectory,
the router dictates which expert is active, but the
experts themselves derive their visual-linguistic un-
derstanding directly from the rich, original instruc-
tion.

In summary, the improvements on Test-N-Scene
are not attributable to better instruction parsing
alone. While reordering provides necessary struc-
ture to long narratives, the MoE routing mechanism
provides the essential visual grounding required to
execute that structure. The advantage of SkillNav
lies in this tight integration of planning and compo-
sitional execution.
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You are an expert in Vision-and-Language Navigation (VLN) and Language.

<Task>
Your task is to write natural, human-like navigation instructions based on a sequence of visual observations from an indoor
environment.

<Instruction Guidelines>

- Do not use explicit temporal markers like ~“then'', ~“next'', ~“before'', or ““after''.

- Imply sequence using spatial or contextual phrasing instead.

- Include only essential visual cues, such as layout, furniture, doorways, or notable landmarks that help clarify the path.
- Avoid over-descriptive or decorative language (e.g., "~ “intricate stonework'', ~“high ceiling'').

- Keep the instruction fluent, intuitive, and helpful, like someone casually guiding a friend through a space.

- Keep it concise and comparable in length to a temporal-based instruction.

<Visual Reasoning Process>

Analyze each frame in the visual sequence. Focus on:
- Movement across spaces

- Transitions (e.g., turns, room entries)

- Orientation shifts

- Key visible cues needed to navigate the path

<Instruction Output>

Once you've analyzed the path:

- Write a fluent, natural-sounding instruction describing the full trajectory.
- Do **not** include reasoning steps.

- Output **only*x the final instruction.

<Example Chain-of-Thought>

- 1st Frame:
- The agent is inside a narrow wooden hallway-like space.
- The doorway directly ahead leads to a brighter area.

- 2nd Frame:
- The agent is almost at the threshold of the doorway.
- You can see the hallway plant and the open area outside.

- 3rd Frame:
- The agent is now fully outside the room, looking into a wide open space.
- There's a visible bedroom to the left, and the plant in the yellow pot is to the right, indicating the agent has made a
hard left turn.

- 4th Frame:
- The agent is now facing a doorway to a bedroom on the left side.
- The bed is partially visible inside.

- 5th Frame:
- The agent has entered the room and is facing a window.
- The position suggests the agent took one step inside and then stopped.

<Trajectory Images>
“~{path_images}"'

Listing 1: Prompt used for Temporal Order Planning Skill-specific Data Synthesis
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You are an expert in Vision-and-Language Navigation (VLN) and Language.

<Task>
- Generate a x*single** natural-language instruction that guides an agent through the scene.

<Input>
- A visual sequence (an ordered list of images)
- A specific navigation skill to emphasize

<Requirements>

- The instruction should describe what the agent does across the image sequence (e.g., move, climb, pause).

- Ground the instruction in x*visible cues**, such as layout, objects, stairs, doorways, lighting, or orientation.

- Emphasize the given *xtarget skill*x (e.g., "Direction Adjustment”, "Vertical Movement"”, etc.), while naturally
incorporating other relevant details as needed.

- The output must be a *xsingle sentencexx, written in fluent, natural language (no lists, quotes, or symbols).

- Instruction length should be *%*20-30 wordsx* (aim for ~25).

- Do **notx* include explanations, reasoning steps, or metadata output only the instruction itself.

<Available Skills>
{Direction Adjustment, Vertical Movement, Stop and Pause, Landmark Detection, Area and Region Identification}

<Skill Definitions>

- xxDirection Adjustmentx*: Involves turning or changing heading. Look for instructions like ~~turn left'', ~“go back'', or
“*face the hallway''. Used when the agent needs to rotate or reorient without necessarily changing position.

- *xVertical Movementx*: Involves moving across floors or elevation changes. Triggered by terms like ~~go upstairs'', ~~down
the stairs'', or ~“take the elevator''. Watch for floor changes in visuals or references to vertical navigation.

- xxStop and Pause**x: Involves coming to a full stop at a defined point. Use lighter-weight verbs such as pause, wait, and
stand, when the stop happens in the middle of sequence (e.g., ~~pause by the red sofa''). Use stronger, more terminal
verbs like stop and come to a stop for the final action or true endpoint (e.g., ~“stop at the glass doors''). This
distinction helps the agent decide whether to hold briefly or end its navigation.

- xxLandmark Detection*x: Requires identifying and responding to specific objects or features in the environment. Triggered by
mentions of visible items like ~“lamp'', "~ “chair'', red sofa'’, painting''. Used when object recognition is
necessary to proceed or confirm position.

- xxArea and Region Identificationx*: Involves recognizing or transitioning between distinct spaces or rooms. Triggered by
mentions like "~ “enter the kitchen'', in the bedroom'', ~“exit hallway''. Requires understanding of semantic regions
based on context or appearance.

<Output Format>
Return only the instruction sentence. Do not include tags, labels, or formatting.

<Trajectory Images>
“~{path_images}"'

<Focused Skill>
“~{skill_name}'"'

Listing 2: Prompt used for Atomic Skill-specific Data Synthesis
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You are an expert at converting natural language navigation instructions into detailed, logically ordered sub-instructions for
agents.

<Task>

- Break down instructions into a sequence of minimal, goal-directed steps.

- Make all implicit temporal or spatial relationships explicit.

- Preserve execution order by reconstructing intermediate actions that are implied, not directly stated.

<Logic Rules>

- (A) --> [after / then / once / as soon as] --> (B): Do A fully, then B.
- (B) --> [before]l --> (A): Move toward A, then perform B at a point prior
- (A) --> [until] --> (B): Continue A until B is reached.

- Avoid ~“then'', ~“before'', ~“until'', ““once'' etc. in the output.

<Formatting Rules>
- Single sentence, steps separated by periods.
- Each step must be minimal, concrete, and goal-focused.

<Examples>

*xExample 1:*x%

Instruction: ~“Turn around and walk down the stairs. Stop once you get down them.''
Output:

Turn around. Walk down the stairs. Stop at the bottom of the stairs.

*xExample 2:*x%

Instruction: ~“Walk toward the dining room but turn left before entering it and go into the open area."''
Output:

Walk toward the dining room. Stop at the entrance. Turn left. Enter the open area.

*xExample 3:*xx%

Instruction: ~“After you leave the laundry room, make a left in the hallway, and go to the bedroom straight ahead. When you
are in the doorway of the room go to the doorway of the closet on the left and wait.''
Output:

Exit the laundry room. Turn left in the hallway. Walk to the bedroom straight ahead. Enter the doorway of the bedroom. Go to
the doorway of the closet on the left. Wait there.

*xExample 4:*x*

Instruction: ~~Start moving forward down the corridor. You will pass offices on your left and right. Keep going down the
hallway until you get to an exit sign on your right and what looks like some lockers in front of you. There will also be
a brown door with an exit sign above it in front of you.''

Output:

Start moving forward down the corridor. Pass the offices on your left and right. Continue walking down the hallway. Reach the
exit sign on your right and the lockers in front of you. Stop in front of the brown door with the exit sign above it.

<Original Instruction>:
“~{instruction}'

Listing 3: Prompt used for Temporal Reordering
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You are a visual reasoning assistant for indoor navigation.

<Task>:

Your task is to analyze a list of previously observed images and a natural language instruction.

Determine which parts of the instruction have already been completed, and return the next step to be executed.

<Response Rules>

Your response must:

- Return the next action using *exact phrasingx from the reordered instruction (no paraphrasing).

- Match the sub-instruction to the visual context from previous images.

- If the goal (e.g., pool table) has clearly been reached, return the final sub-instruction.

- If *all* sub-instructions have been completed based on the visual path, do not return anything further. Stop reasoning.

- If the final destination has been reached and the last step is a positional or waiting action (e.g., ~~wait there'', ~°
to the left''), return that as the next step.

- You must reason about whether the agent is already at the destination.

- If the current image shows the goal destination (e.g., inside the room with the pool table, or inside the open doorway), and
the instruction contains a final step like ““wait'' or ~“adjust your position'', that is the next sub-instruction.

step

Use the following reasoning strategy to determine what to do next:
<Step-by-Step Reasoning Instructions>:
1. Decompose the instruction into sub-instructions.
- Break the full instruction into smaller steps. Each sentence or clause typically represents one step.
- Example:
- Original: At the bottom of the stairs, go through the nearest archway to your left. Head straight until you enter the
room with a pool table. Step slightly to the left to get out of the way.''
- Decomposed:
- At the bottom of the stairs, go through the nearest archway to your left.''
- ““Head straight until you enter the room with a pool table.''
- “"Step slightly to the left to get out of the way.''
2. Use the previous sub-instruction list to identify completed steps.
- Do not reissue any previously executed sub-instructions.
- Compare upcoming steps against what may have been visually completed, even if not explicitly executed one-by-one.
. Analyze the sequence of previous viewpoint images.
Use visual context to infer if *multiple* sub-instructions have been completed in a single transition.
If image progression clearly shows the agent has already bypassed an intermediate area or reached a later goal, mark those
steps as implicitly complete.
Evaluate remaining sub-instructions for completion.
If the current image shows the agent at or beyond the target of a sub-instruction, that step can be considered completed.
If the current image shows the agent inside the goal location and only a final positional instruction remains (e.g., ~~Step
slightly to the left''), return that final instruction.
Select the next uncompleted sub-instruction that is visually and contextually justified.
- Use exact wording from the original instruction.
- Do not return instructions that the agent already visually fulfilled, even if they were skipped.
6. Output the result in the following JSON format:
{
"Sub-instruction to be executed”: "<exact next instruction clause>",
"Reasoning”: "<why this is the next step based on image sequence>"

w

~

3]

}

CHECKPOINT:

If multiple sub-instructions were completed based on a single or continuous image segment, skip them and jump to the next
logical, visually unfulfilled step.

Now, using the instruction and the visual history, identify the next step.

IMPORTANT: Your response must be a valid JSON object without any surrounding text, code blocks, or explanations.
Do not include markdown formatting like ~~“json or ~°~
<0riginal Whole Instruction>:
“~{instruction}'

<Previous Sub-Instructions>:
“~{previous_sub_instructions}
<Previous Viewpoint Images>:

Listing 4: Prompt used for Subgoal Localizer in Action Router

13064




You are a visual reasoning assistant for indoor navigation.

<Available Skills>:
[ "Direction Adjustment'', ~~Vertical Movement'', ~~Stop and Pause'', ~~Landmark Detection'', ~~Area and Region
Identification'']

<Skills Explanation>:

- Direction Adjustment:

Involves turning or changing heading. Look for instructions like ~~turn left'', ~“go back'', or ~~face the hallway''. Used
when the agent needs to rotate or reorient without necessarily changing position.

- Vertical Movement:

Involves moving across floors or elevation changes. Triggered by terms like ~“go upstairs'', ~“down the stairs'', or ~~take
the elevator''. Watch for floor changes in visuals or references to vertical navigation.

- Stop and Pause:

Involves stopping at a specific location. Triggered by instructions like
when the endpoint or a mid-action pause is important.

- Landmark Detection:

Requires identifying and responding to specific objects or features in the environment. Triggered by mentions of visible items

like “~lamp'', "~“chair'', red sofa'’, painting''. Used when object recognition is necessary to proceed or confirm

position.

- Area and Region Identification:

Involves recognizing or transitioning between distinct spaces or rooms. Triggered by mentions like ~“enter the kitchen'',
in the bedroom'', ~“exit hallway''. Requires understanding of semantic regions based on context or appearance.

stop'', ““wait'', or ““stand in front of''. Used

<Task>:

1. Read and understand the sub-instruction to be executed.

2. Use the reasoning explanation to infer what skills are likely required to carry out that sub-instruction.
3. Choose the top 1 skill that is most relevant to the sub-instruction.

<Input>:

You will be given:

- The original full navigation instruction.

- The sub-instruction that should be executed next, based on reasoning.

- A reasoning explanation derived from the visual history and instruction.

Output exactly xxone skill name** from the above list.
Do not provide explanations or additional text.

<Output Format>:
KKk xSKILL_NAME %% % %%

<Example>
Original Whole Instruction: ~~At the bottom of the stairs, go through the nearest archway to your left. Head straight until
you enter the room with a pool table. Step slightly to the left to get out of the way.''

Sub-instruction to be executed for next step: ~“Head straight until you enter the room with a pool table.''

Reasoning based on previous viewpoints path and original instruction: The agent appears to be just outside the archway. The
next step is likely to involve entering the archway and preparing to head straight.

Expected Output:
**xx*Landmark Detectionxx*xx

<Reordered Whole Instruction>:
**{full_instruction}"'’

Sub-instruction to be executed for next step:
“~{sub_instruction}'

<Reasoning based on previous viewpoints path and original instruction>:
“~{reasoning}""'

Listing 5: Prompt used for Skill Router in Action Router
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