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Collaborative Map-Based and Route-Based Policy
Learning for Continuous Vision-and-Language
Navigation
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Abstract—Vision-and-Language Navigation in Continuous En-
vironments (VLN-CE) requires an agent to follow language instruc-
tions to reach a target in unseen, 3D environments. A powerful
VLN-CE agent requires two crucial abilities during cross-modal
planning: spatial reasoning to explore towards the target location
in partially observable environments, and procedural alignment to
match navigation routes with language instructions for sequential
guidance. Existing cross-modal planning policies are divided into
two types, each focusing on one of these capabilities. The map-based
policy promotes spatial reasoning by grounding instructions on
graph representations, while the route-based policy favors proce-
dural alignment by aligning sequential observations with language
instructions. However, these policies are typically studied indepen-
dently, making agents that rely on a single crucial ability unable to
plan effectively in complex scenes. Inspired by human navigation,
we propose a collaborative policy learning framework that inte-
grates the advantages of both policies for cross-modal planning.
This framework includes three processes: Spatio-Procedural Topo-
logical Mapping, which constructs a multiplex graph to support
the learning of map-based and route-based policies; Dual-Stream
Encoding, which performs cross-modal encoding for both policies
in parallel; and Hierarchical Policy Integration, which fuses both
policies via feature-level collaboration and logit-level fusion. Exten-
sive experiments on the VLN-CE datasets confirm the effectiveness
of our framework.

Index Terms—Vision-based navigation, ai-enabled robotics,
representation learning.

I. INTRODUCTION

ISION-AND-LANGUAGE navigation (VLN) tasks [1]
V require an agent to interpret natural language instructions
and navigate to a target location using visual observations.
For real-world applications, Krantz et al. [2] introduce VLN
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Instruction: Leave the hedroom and take
a right in the hallway. Go down the hall
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Fig. 1. A powerful VLN agent requires two crucial abilities: 1) Spatial
Reasoning: Grounding the landmarks (e.g., bedroom, hallway, bathroom) from
the language instruction into the environment for effective exploration towards
the target; 2) Procedural Alignment: Ensuring the agent’s route adheres to the
procedural sequence described in the language instruction (bedroom — hallway
— bathroom).

in continuous environments (VLN-CE), allowing the agent to
traverse within a 3D mesh freely with low-level actions. In
order to make informed action decisions in unseen, complex
environments, a VLN agent must master two crucial abilities
for cross-modal planning: (1) spatial reasoning to explore to-
wards the target location in partially observable environments by
grounding instructions; and (2) procedural alignment between
the agent’s route and language instructions to proceed towards
the target under sequential guidance. As shown in Fig. 1, when
executing the instruction, “Leave the bedroom and take a right in
the hallway. Enter the bathroom on your left.”, an agent requires
spatial reasoning to find landmarks outside its current view, such
as determining which exit from the bedroom leads to the hallway.
It also needs procedural alignment to distinguish the correct
target from multiple similar options, such as identifying which
of several bathrooms is the one specified by the instruction.
Existing planning policies infer the next action through cross-
modal encoding between structural memories and language
instructions. Map-based policies promote spatial reasoning by
grounding instructions on graph representations (e.g., metric
maps [3], [4] or topological maps [5], [6]). However, these
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policies lack procedural guidance, such as grounding the bath-
room description to the wrong bathroom beside the initial
location in Fig. 1. Route-based policies facilitate procedural
alignment by aligning procedural knowledge (e.g., egocentric
observation sequence [7], [8]) with language instructions. These
policies are less effective at abstracting the environment lay-
outs, such as the bedroom and hallway, when relying solely
on sequential observations. These two policies have been stud-
ied separately, yielding agents that are specialized in a single
ability. Consequently, these agents struggle to perform effective
cross-modal planning in unseen environments.

However, humans rely on two forms of structural knowl-
edge [9] for navigation: One is survey knowledge, a cognitive
map to abstract the environment layouts, enabling high-level
reasoning (e.g., shortcut discovery and detour planning). The
other is procedural knowledge, which sequentially connects
landmarks with associated movements from egocentric views.
Inspired by the dual-knowledge system of human navigation,
we propose a Collaborative Map-based and Route-based policy
learning framework (CoMaR), aiming to empower the VLN
agent with robust spatial reasoning and procedural alignment,
through three core processes: 1) Spatio-Procedural Topologi-
cal Mapping: During navigation, we online update a multiplex
graph, which includes a spatial graph to capture the layouts
of the explored environment and a procedural graph to capture
procedural knowledge along the agent’s route. 2) Dual-Stream
Encoding: A graph transformer encodes the environment lay-
outs, and performs instruction grounding for the map-based
policy. Concurrently, a temporal transformer encodes procedural
knowledge of traversed routes, and assesses consistency with the
language instructions for the route-based policy. 3) Hierarchical
Policy Integration: The map-based and route-based policies are
integrated at both the feature and logit levels for cross-modal
planning. We validate the effectiveness of our proposed frame-
work through extensive experiments on the VLN-CE datasets [2]
(R2R-CE and RxR-CE), conducted on the Habitat platform.

In summary, the main contributions of this work are three-
fold: 1) We propose a collaborative policy learning framework
CoMaR for VLN, equipping the agent with more robust spatial
reasoning and precise procedural alignment capabilities. 2) We
introduce three key innovative designs that enable deep collabo-
ration between map-based and route-based policies: a multiplex
graph for spatio-procedural topological mapping, dual-stream
cross-modal encoding, and hierarchical policy integration at the
feature and logit levels. 3) Extensive experiments on two stan-
dard VLN-CE benchmarks demonstrate that CoMaR achieves
state-of-the-art performance, validating the efficacy of our
approach.

II. RELATED WORK

VLN in Continuous Environments: Most of the early work in
VLN was established over discretized simulated scenes (e.g.,
R2R [1] and RxR [10]), where agents teleport between nodes
on a pre-defined navigation graph. Despite the efficiency of
this approach, directly transferring models trained in discrete
spaces to real-world robot applications is impractical. To fa-
cilitate real-world deployment, the more realistic paradigm of
VLN in continuous environments (VLN-CE [2]) was proposed.
In VLN-CE tasks, such as R2R-CE and RxR-CE, agents can
navigate freely to any unobstructed space in the simulator using
low-level actions. Current VLN-CE methods can be categorized
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into two groups: topology graph-based approaches, such as
HNR [6] and ETPNav [5], which perform cross-modal reasoning
over an online topological graph to predict a navigable loca-
tion, and execute low-level actions with a controller module;
and video-based approaches built on pretrained vision-language
models (VLMs), including NaVid [7], Uni-NaVid [11], and
NAVILA [12], which infer low-level actions end-to-end by
modeling interaction between egocentric observation sequence
and language instructions. Despite differences in designs, these
methods can be divided into two categories based on their
memory structures for cross-modal planning: the map-based
policy, which relies on topological graphs, and the route-based
policy, which relies on sequences of egocentric observations.

Map-Based Policy for VLN: In human navigation, the brain
constructs a cognitive map which stores knowledge of the spa-
tial relationships between goals, landmarks, and other salient
points in space. Such capabilities primarily engage entorhi-
nal/hippocampal circuits in human brains [9]. To achieve better
spatial reasoning ability, many VLN methods adopt spatial
maps—such as topological maps [5], metric maps [13], and
grid maps [14]—to abstract the environment along the traversed
routes. These different map types provide the agent with spatial
awareness of environment layouts at various scales. A map-
based policy is then learned, which performs spatial reasoning by
encoding these environment layouts and modeling their cross-
modal interaction with the language instructions. This policy
has two key advantages: it encourages the agent to explore its
surroundings to resolve ambiguities in language instructions,
and it facilitates backtracking to correct navigation errors [15].

Route-Based Policy for VLN: In addition to map-based poli-
cies, the human brain utilizes a route-based planning policy. This
policy is built upon procedural knowledge, which models the
direct connection between navigation behavior and landmarks
and has been linked by many studies to striatal and parietal
circuits [9]. The sequential structure of first-person video cap-
tures procedural knowledge for navigation. Many VLN methods
guide the agent’s next action by processing this sequence of
egocentric observations and aligning it with language instruc-
tions. State-of-the-art route-based approaches [7], [11], [12] ap-
ply VLMs to model interactions between language instructions
and egocentric videos. The sequential structure of these videos
enables precise procedural alignment between the language
instructions and the navigation route.

Although humans naturally combine both strategies, VLN
research has studied map-based and route-based policies sep-
arately, leaving their collaboration for cross-modal planning
underexplored. This letter addresses this gap by proposing a
novel collaborative learning framework, CoMaR, that integrates
both approaches.

III. METHODOLOGY

A. Navigation Setups

This work addresses the task of VLN in continuous envi-
ronments, where an agent is required to follow a specific route
described by a language instruction to reach the target loca-
tion. In particular, we follow a practical setting VLN-CE [2],
where the agent navigates on a 3D mesh of an environment
with low-level actions (e.g., FORWARD (0.25 m), ROTATE
LEFT/RIGHT (15°), and STOP). For each navigation episode,
the agent is initialized at a starting location and given natural
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Our proposed framework CoMaR consists of three main stages: a) Spatio-Procedural Topological Mapping, which constructs a multiplex graph Gy,

including a spatial graph G} and a procedural graph Gf ; b) Dual-Stream Encoding, which performs cross-modal encoding by separately processing each graph
layer with the language instructions; ¢) Hierarchical Policy Integration, which integrates the map-based and route-based policies via feature-level collaboration and

logit-level fusion to generate the final decision logits S;.

language instructions W = {wy, wa, . . ., w, } with encoded text
embeddings W. The agent then needs to explore the environ-
ment and reach the target. At time step ¢, the agent perceives its
surroundings through panoramic vision, consisting of 12 RGB
images Ry = {r:;}12, and 12 depth images D; = {d;,}}2,,
captured at 30-degree intervals around its current position. We
assume access to the agent’s pose (e.g., position and heading)
at each step, and our framework can also be applied under
monocular RGB-D sensing configurations.

We follow the setup of topology graph-based approaches [5],
[6]. Specifically, at each decision step ¢, an online topological
map is constructed with a pre-trained waypoint predictor [5],
which predicts waypoints by identifying potential navigable
locations in the agent’s surroundings. These waypoints are then
integrated as nodes into the online topological map through
topological mapping. During cross-modal planning, the agent
selects a ghost node (i.e., an unvisited node) on the updated map
as a subgoal, which is reached by a series of low-level actions
with a controller module [5].

To promote cross-modal planning, we propose CoMaR, a
collaborative policy learning framework inspired by human
navigation, which supports long-horizon subgoal selection by
jointly leveraging map-based and route-based policies. CoMaR
consists of three components: (i) Spatio-Procedural Topological
Mapping, which maintains a dual-layer graph that captures both
environment layout and procedural knowledge; (ii) Dual-Stream
Encoding, which performs cross-modal encoding for the two

policies in parallel; and (iii) Hierarchical Policy Integration,
which fuses the two policies at both the feature and logit levels.

B. Spatio-Procedural Topological Mapping

Spatial reasoning relies on structured memory of environmen-
tal layouts. Existing map-based policies [5], [6] use topological
mapping to abstract the navigable and visited locations into
an undirected spatial graph G* = {N,E}, where N denotes
the set of nodes and £ denotes the set of edges. Each node
n; € N represents a reachable location, storing its global 3D
coordinates, p; € R3, and panoramic-pooled visual features
derived from the vision encoder (12-view average pooling for
visited nodes; observable-view pooling for ghost nodes [5]).
Eachedgee; ; € £ denotes navigability between adjacent nodes
and stores their Euclidean distance, d; ; € R. However, G*
is insufficient for procedural alignment: 1) undirected edges
overlook visit order along the route (e.g., A— B— C vs. C—
B— A yield the same spatial graph); 2) The node features are
direction-agnostic due to panoramic pooling, making them weak
procedural cues for route representations and ineffective for
procedural alignment.

Therefore, as shown in Fig. 2(a), we propose spatio-
procedural topological mapping. Specifically, at each time
step t, we online update a multiplex graph G; = {G§, GV},
where G5 = {N, &} is the undirected spatial graph and GY =
{M;, &} denotes a directed procedural graph with a directed
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edge set &;. The procedural graph addresses the aforementioned
limitations of the spatial graph as follows:

e For limitation 1), the procedural graph includes a directed
edge set & that indicates the partial order of visits between
adjacent nodes connected by (e; ; € &). The direction of
an edge is determined by two rules. For an edge between
two visited nodes, it points from the one visited earlier
to the one visited more recently. For an edge between a
visited node and a ghost node, it points from the visited
node towards the ghost node.

e To tackle limitation 2), we leverage the contextual visual
embeddings V; = {v;}12, output by the vision encoder [5]
to update the visual features of directed edges without
panoramic pooling. Specifically, each directed edge feature
is the embedding of the egocentric view from the source
node towards the target node. Such visual features serve as
a direction-specific visual proxy for route representations
to support procedural alignment.

We follow the mapping process of ETPNav [5] to update two

graph layers simultaneously. The whole update process at time
step t is as follows:

G+ = Topo-Mapping(Gt_1, O;), €))

where G, = {G3,GV}, Oy = {Ry, D} denotes the RGB-D ob-
servations at the time step t. To represent a STOP action, we add
a “stop” node and connect it to the current node.

C. Dual-Stream Encoding

As shown in Fig. 2(b), after updating the multiplex graph, we
perform parallel cross-modal encodings using G: instruction
grounding for the map-based policy and procedural alignment
for the route-based policy. This yields graph and route embed-
dings (X7, X7) for candidate nodes, which are then evaluated
by the corresponding policies for subgoal selection. To avoid
unnecessary revisits [5], candidate nodes are restricted to ghost
nodes (denoted as the set C; C N;) and the stop node.

1) Cross-Modal Graph Encoding: We use a graph trans-
former to encode the graph topology and performs instruction
grounding based on the encoded instructions W and the node
embeddings X;* derived from G}. This generates a stack of
graph embeddings X7 for the map-based policy.

Node Embeddings X [*: For each node n; € N, in G}, the vi-
sual feature is augmented with a pose encoding and a navigation
step encoding. The pose encoding embeds the relative pose of
each node with respect to the agent’s current position, while the
navigation step encoding embeds the latest visited timestep for
visited nodes and O for ghost nodes. This generates a stack of
node embeddings X*.

Graph Transformer: The node embeddings and encoded in-
structions are fed into a graph transformer for cross-modal
encoding. The graph transformer is a multi-layer transformer
similar to LXMERT [16], containing cross-attention layers and
self-attention layers. The cross-attention layer takes the node
embeddings X* as queries and the encoded instructions W' as
keys and values, thereby grounding the language instructions
onto the node embeddings. The self-attention layer utilizes
graph-aware self-attention (GASA) [5] to encode the topological
structure of the spatial graph by using a distance matrix to
model the interaction of node embeddings. The distance matrix
is constructed from the all-pairs shortest distances obtained from
the graph edges &;. After encoding, the graph embeddings for the
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current node and the visited nodes are masked to avoid revisits.
The entire graph encoding process can be summarized as follows
with the graph transformer:

X{ = Transformer(X}*, W), )

where X{ = [z, z{, ..., z{, |, 2 denotes the graph embed-

ding of the stop node; =7, (i > 0) denotes the graph embeddings
of the ghost nodes in G,.

2) Cross-Modal Route Encoding: We use a temporal trans-
former to perform procedural alignment between encoded in-
structions W and route representations X ¢ derived from the
procedural graph GY. This process generates a stack of route
embeddings X for the route-based policy.

Route Representation X ©: The representation for a single
route of length [ is constructed in several steps. First, we form
a stack of its directed edge features along the route, denoted as
(€], .., e]] e € & inGY, capturing the procedural knowledge
from the initial node to a specific candidate node. This sequence
is then augmented with special tokens: we prepend a learnable
“start” token to the beginning of each route. To support the STOP
action, any directed edge pointing to the stop node is represented
by a learnable “stop” token. To encode the sequential order, we
add positional embeddings to the feature sequence, yielding the
route representation X ©.

Temporal Transformer: The Temporal Transformer includes a
multi-layer transformer decoder for cross-modal encoding, and
a single transformer encoder layer for comparison of derived
route embeddings. Specifically, the route representation X € is
fed into the multi-layer transformer decoder to align with the
encoded instructions W':

X ¢ = TransformerDecoder(X ¢, W). 3)

As demonstrated in Vision-and-Language Pretraining stud-
ies [17], the last token of the encoded sequence X ° denotes
the route embedding x°, which assesses the alignment between
a specific route and language instructions. At each time step
t, we only compute the newly formed routes in GY that were
not present in G7_;. Following the assessment approach [18],
a merged causal mask is applied to generate these new route
embeddings simultaneously. These newly formed route embed-
dings are stored in the corresponding candidate nodes in the
procedural graph G¥. We take an average of the route embed-
dings if a candidate node possesses embeddings from multiple
routes. After alignment, we apply a single transformer encoder
layer to refine the route embeddings X ¢ = [z, ¢, .. ., wl%tl]’

which are stored in the candidate nodes of GY:
X7 = TransformerLayer(X?), 4)

 — ™ r ™ ™
where X7 = [xg, x],.. "mICtI]’ xq denotes the final route

embedding of the stop node, and 7 (i > 0) denotes the final
route embeddings of ghost nodes.

D. Hierarchical Policy Integration

As shown in Fig. 2(c), based on the graph and route em-
beddings (X, X[) of the candidate nodes, we integrate the
map-based and route-based policies at the feature and logit
levels to generate the final decision logits. The agent chooses a
candidate node based on the decision logits, and uses a low-level
controller [5] to reach it.
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1) Feature-Level Collaboration: During feature-level col-
laboration, we use a gating mechanism to adaptively fuse the
graph and route embeddings (X7, X ¢ ), and apply a cross-modal
transformer layer to model interactions with the encoded instruc-

tions W. This yields fused embeddings X ,{ for a collaborative
policy.

Specifically, we generate the gating weight o from the cross-
modal embeddings of the stop nodes (g, 2§ ), which summarize
the agent’s current navigation state. We compute « using a feed-
forward network (FFN) followed by a sigmoid function, and use
it to linearly fuse the graph and route embeddings to obtain the

fused embeddings th :
o = Sigmoid(FEN([z]; z])),
X/ =ax X7+ (1-a)x XY (5)

The fused embeddings th are fed into a cross-modal trans-
former layer to model interaction with encoded instructions
W. This process includes a cross-attention layer to model
cross-modal interaction and a self-attention layer to compare
the embeddings among the candidate nodes:

X! = TransformerLayer(X;, W), (6)

where X7 = [zf,2].. ., x\{ftl] denotes the final fused embed-
dings after cross-modal modeling.

2) Logit-Level Fusion: After performing feature-level inte-
gration, a navigation policy head NP(-) generates logits .S; =
(50,81, -, 5|c,] for candidate nodes in G;. The policy head
NP(-) is a feed forward network that outputs a score reflecting
the probability preference for selecting each node:

8; = NP(x;),i =0,1,...,|C|. (7)

Here, x; denotes embeddings of candidate nodes after cross-
modal encoding. In logit-level fusion, we generate three distinct
policies: map-based policy from the graph embeddings X7,
route-based policy from the route embeddings X', and collab-

orative policy from the fused embeddings X f . To fully leverage
the advantages of these policies, their logits are combined via
additive operation:

S; = NP,(X]): S7 = NPy(X{): S = NP;(X]);
Sy =8I +57+5], (8)

where S; = [50, 51, . . ., 5/¢,|] is the final logits. The agent selects
the next subgoal in a greedy manner based on S;. If 5 is selected,
the agent will cease movement at its current position, resulting
in the termination of the current episode.

The training objective of CoMaR is to minimize the cross-
entropy loss Lo g between the predicted policy logits and the
navigation supervision A}, which selects the optimal node from
the set of candidate nodes. For R2R-CE, the optimal node is
the candidate node that minimizes the distance to the target
location [1]. For RxR-CE, which does not assume a shortest-
path-to-goal, the optimal node is determined using a path fi-
delity strategy [10]. We jointly optimize CoMaR by applying a
cross-entropy loss Lc g to the logits from all policies:

L= Lce(S{, A7)+ Lee(SE, A7)
t
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+ Lcg(ST, AD) + Leg(Sy, AD). 9)

IV. EXPERIMENTS

In this section, we first describe our experimental setup,
including the datasets, evaluation metrics, and implementa-
tion details. Afterwards, we evaluate CoMaR through compar-
ative experiments, ablation studies, qualitative analyses, and
real-world evaluations.

A. Experimental Setup

We evaluate our framework on two standard benchmarks for
Vision-and-Language Navigation in Continuous Environments
(VLN-CE): R2R-CE [1], [2] and RxR-CE [2], [10].

Dataset: R2R-CE [1] adapts Matterport3D [23] to Habi-
tat [24], comprising 5,611 shortest-path trajectories, each an-
notated with step-by-step English instructions (avg. 32 words).
The agent uses 15° turns, 90° FOV, and a 0.10 m chassis radius,
allowing obstacle sliding. RxR-CE [10] is a larger multilingual
benchmark with longer instructions (avg. 120 words) and in-
cludes longer trajectories that are not constrained to shortest
paths. Its agent setting is also more challenging (30° turns, 79°
FOV, 0.18 m radius) and disallows obstacle sliding, increasing
collision risk.

Evaluation Metrics: Following standard practice [25], [26],
[27], we evaluate our framework’s performance using the
following metrics: Trajectory Length (TL), Navigation Error
(NE), Success Rate (SR), Oracle Success Rate (OSR), Success
weighted by Path Length (SPL), Normalized Dynamic Time
Warping (NDTW), and Success weighted by nDTW (SDTW).

Implementation Details: We follow the standard panoramic
VLN-CE setup [28] for evaluation in simulation. First, to
demonstrate that CoMaR generalizes across datasets, we use
ETPNav [5] as the map-based policy and evaluate CoMaR on
R2R-CE and RxR-CE. Second, to show that CoMaR is compat-
ible with different map-based policies, we also evaluate CoMaR
using the state-of-the-art g3D-LF model [22] as the map-based
policy on R2R-CE. We further conduct ablation studies and
qualitative analyses using ETPNav. All simulation experiments
were implemented in PyTorch [29] and run on 8 NVIDIA RTX
4090 GPUs. For real-world evaluations, all deployed models are
trained solely on R2R-CE simulator data, without any real-world
fine-tuning. We apply CoMaR under the monocular sensing
setup with the g3D-LF backbone [22], using a Unitree Go2
quadruped and running the cross-modal planning pipeline on
a cloud server with a single NVIDIA RTX 4090 GPU.

B. Comparison to State-of-The-Art Methods

Tables I and II present the comparison results of our method
against other VLN-CE approaches on the R2R-CE and RxR-CE
datasets. The results on the R2R-CE dataset (in Table I) show
that CoMaR achieves at least a 2% improvement across all
metrics over the widely-used baseline ETPNav [5] on the Val-
Seen, Val-Unseen, and Test-Unseen splits. This demonstrates
the generalization capability of our method in both seen and
unseen environments. Furthermore, when applied to the current
state-of-the-art method, g3D-LF [22]—a map-based policy that
incorporates look-ahead exploration—CoMaR yields further
significant performance gains. Specifically, CoMaR improves
upon g3D-LF by 5% on both SR and SPL on the Val-Seen
split, and by 4% and 3% on SR and SPL respectively on the
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TABLE I
COMPARISON WITH STATE-oF-THE-ART METHODS ON THE R2R-CE DATASET

‘ Val Seen ‘ Val Unseen ‘ Test Unseen
Methods

‘ TL NEJ| OSRtT SRT SPLtT ‘ TL NE| OSRtT SRT SPLT ‘ TL NEJ/ OSRtT SRT SPLtT
SASRA [19] 889 7.17 - 36.0 340 | 7.89 8.32 - 240 220 - - - - -
CM2 [13] 1205 6.10 50.7 429 348 | 11.54 7.02 415 343 276 | 1390 7.70 39 31 24
WS-MGMAP [20] | 10.12 5.65 51.7 469 434 | 10.00 6.28 47.6 389 343 | 1230 7.11 45 35 28
GridMM [14] 12.69 421 69 59 51 1336 5.11 61 49 41 1331 5.64 56 46 39
BEVBert [3] - - - - - - 4.57 67 59 50 - 4.70 67 59 50
HNR [6] 11.79  3.67 76 69 61 12.64 442 67 61 51 13.03 4.81 67 58 50
ENP-ETPNav [21] | 11.82 3.90 73 68 59 1145  4.69 65 58 50 12.71  5.08 64 56 48
ETPNav [5] 11.78 395 72 66 59 11.99 471 65 57 49 12.87 5.12 63 55 48
CoMaRoyrs 11.61 3.72 76 69 62 1249 451 67 60 51 13.53 491 65 58 50
23D-LF [22] 12.08 4.01 72 63 55 - 4.53 68 61 52 - 4.53 68 58 51
CoMaRours 11.87 347 75 68 60 - 4.15 70 64 54 - 4.37 69 62 54

TABLE II TABLE III

COMPARISON WITH STATE-OF-THE-ART METHODS ON THE RXR-CE DATASET

‘ 'Val Unseen
Methods

| NE| SRt SPLt NDTW{ SDTW{
LAW-Pano [30] | 11.04 100 9.0 - -
Seq2Seq [1] 121 1393 1196  30.86 11.01
CWP-CMA [28] | 876 2659 22.16  47.05 -
CWP-BERT [28] | 898 27.08 22.65 46.71 -
AO-Planner [31] | 7.06 433 305 50.1 -
Reborn [32] 598 48.60 42.05  63.35 41.82
HNR [6] 551 5639 4673  63.56 47.24
ETPNav [5] 5.64 5479 4489  61.90 4533
CoMaR oy 522 5739 47.04  63.96 47.03

Test-Unseen split. This demonstrates that our method is appli-
cable to the state-of-the-art map-based approach, showcasing its
generalization ability across different map-based policies.

The results on the RxR-CE dataset (in Table II) indicate
that CoMaR also significantly boosts the performance of the
ETPNav baseline on the Val-Unseen split, demonstrating Co-
MaR’s generalization capability on long-distance VLN-CE
datasets. Specifically, our CoMaR outperforms ETPNav by
approximately 3% on SR and SPL, and by around 2% on the
NDTW and SDTW metrics. Our method surpasses the current
state-of-the-art method, HNR, on most metrics, showcasing the
competitiveness of CoMaR.

C. Ablation Study

In this section, we conduct ablation experiments to verify the
effectiveness of the designs in CoMaR.

Ablation of Route Representation: We conduct an ablation
study to compare two route representations: a sequence of node
features versus a sequence of directed edge features. As shown in
Table I11, we evaluate their effects on both the route-based policy
and CoMaR, highlighting the necessity of directed edges and the
multiplex graph. For the single route-based policy, using node
features significantly degrades SR and SPL by 2% and 6% com-
pared to directed edges, since node features lack the directional
specificity required for procedural knowledge. In contrast, each
directed edge incorporates egocentric directional visual cues
to form a directed association between nodes, better capturing
route procedures. This design choice also impacts CoMaR: when
using node features, CoMaR slightly underperforms the single

ABLATION STUDY OF ROUTE REPRESENTATION DESIGNS

| R2R-CE Val Unseen

Methods

|NE| OSRt SRt SPLt

Ablation on Route-Based Policy
Route Polic Node Feature | 5.08 63.02 5258 4292
Y| Edge Feature | 497 6280 55.68 48.39

Ablation on CoMaR
ETPNav 472 6443 5720 49.17
Node Feature | 4.78 6421  56.66 48.36
CoMaR Edge Feature | 4.51 67.37 59.65 51.36
TABLE IV

ABLATION STUDY OF DUAL-STREAM ENCODING AND HIERARCHICAL POLICY
INTEGRATION

DSE | HPI | R2R-CE Val Unseen
Map Route Feature Logit ‘ NE | OSR T SRT SPLt
v 472 6443 5720 49.17
v 497 6280 55.68 48.39
v Y v 447 6710 5954 50.20
v v v | 457 6595 5872 5121
v v v v | 451 6737 59.65 51.36

map-based policy, whereas switching to directed edges yields
over a 2% gain on key metrics, underscoring the importance of
directed edge features for route representation.

Ablation of Dual-Stream Encoding: As shown in the first,
second, and last rows of Table IV, we assess Dual-Stream En-
coding (DSE) by comparing CoMaR with single-policy variants
(map-based or route-based). Both single-policy variants under-
perform CoMaR by at least 2% across all metrics, indicating
that CoMaR effectively integrates the complementary strengths
of the two policies. Furthermore, we observe that the route-based
policy consistently performs worse than the map-based policy.
This is because the map-based policy is a more robust planning
policy compared to the route-based policy, supporting more
effective exploration and backtracking. This phenomenon is also
consistent with the existing theory of human spatial navigation
[33].

Ablation of Hierarchical Policy Integration: We conducted
ablation studies on Hierarchical Policy Integration (HPI), and
the results are presented in the third, fourth, and the last rows of
Table IV. Specifically, removing logit-level fusion reduces SPL
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Fig. 4. Qualitative analysis of Feature-Level Collaboration

by 1%. This is because the logit-level fusion acts as a voting
mechanism, enhancing the robustness of each decision-making
step by combining the logits of the route-based and map-based
policies. Removing feature-level collaboration decreases SR by
1% and OSR by 2%. This is because the collaborative policy
supports in-depth reasoning based on graph embeddings and
route embeddings, improving the agent’s navigation capability
in complex environments.

D. Qualitative Analysis

To further investigate how CoMaR outperforms the individual
route-based and map-based policies, we visualized a typical
case on R2R-CE. As shown in Fig. 3, the route-based policy
has difficulty grounding region-level landmarks (e.g., kitchen)
and struggles to recover from navigation errors. The map-based
policy managed to backtrack in the correct direction through
spatial reasoning, but it failed to navigate under procedural
guidance, leading to navigation failure. CoMaR integrates the
advantages of both the map-based and route-based policies.
After sufficiently exploring the environment, it reached the
target location by following the sequential requirements of the
instruction.

To study the relative importance of the map-based and route-
based policies at each navigation step, we analyzed the gating
weights of the graph and route embeddings on the unseen
splits of the R2R-CE and RxR-CE datasets. Specifically, for
each timestep, we calculated the mean and standard deviation
of these weights across all trajectories in the unseen set. The
experimental results are shown in Fig. 4. We find that the gating
weight on graph embeddings is consistently higher than that
on route embeddings, suggesting that the map-based policy
plays a dominant role in the VLN task. Meanwhile, the route
weight gradually increases over time, indicating that procedural
guidance from the route-based policy becomes more prominent
as the trajectory lengthens.

TABLE V
COMPARISON UNDER THE MONOCULAR SETTING ON R2R-CE VAL
UNSEEN IN SIMULATION

Method | NEL OSRT SRt SPLT | FPST
Route-Based Policy 581 494 402 332 2.13
Map-Based Policy (g3D-LF [22]) | 5.70 59.5 472 346 2.10
CoMaRoyrs | 529 602 491 38.0 | 2.09

Instruction: Go forward down the hallway and turn right at the green plant, go
forward to find the green chair.

Route-Based Policy

' “ ‘ - -
1 3 5 6 Kg 7
Map-Based Policy
] J - Failed
. 1 H 5 - 6 “ 7 ‘ 9
CoMaR (Ours)
1 5 6 9 12
Fig.5. Real-world qualitative comparison between CoMaR and single-policy
variants. The numbers indicate the navigation steps.

E. Real-World Experiment

For real-world deployment, we adopt a monocular setup due to
the practical limitations of panoramic sensing and apply CoMaR
to the g3D-LF backbone [22]. We first validate this setting on
R2R-CE Val Unseen in simulation, comparing CoMaR with
single-policy variants. As shown in Table V, CoMaR improves
SR by 1.9% and SPL by 3.4% over g3D-LF, while maintaining
comparable inference speed (2.09 vs. 2.10 FPS). This suggests
that CoMaR remains effective under monocular perception and
the additional CoMaR modules introduce minimal extra com-
putation, incurring only negligible system-level overhead.

With the same monocular models validated above, we further
compare CoMaR with the map-based and route-based policies in
a real-world office-corridor scenario. All methods are executed
from the same initial position and follow the same instruction:
“Go forward down the hallway and turn right at the green plant,
go forward to find the green chair.” To increase ambiguity at the
junction, we add a visually identical distractor green chair on the
left branch. As shown in Fig. 5, CoMaR successfully completes
the task, briefly exploring both branches while selecting the
correct route. In contrast, the map-based baseline g3D-LF com-
mits to the left branch due to insufficient procedural alignment,
whereas the route-based policy fails to reach the junction due
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to limited spatial reasoning. Overall, these results highlight the
value of jointly leveraging map-based spatial reasoning and
route-based procedural alignment in real-world applications.

V. CONCLUSION

This letter proposes CoMaR, a collaborative policy learning
framework for VLN-CE that combines a map-based policy for
spatial reasoning with a route-based policy for procedural align-
ment. CoMaR enables effective collaboration via: (i) spatio-
procedural topological mapping, which builds a multiplex graph
encoding both environment layout and procedural knowledge;
(ii) dual-stream encoding for instruction grounding and route—
instruction consistency assessment; and (iii) hierarchical policy
integration through feature-level collaboration and logit-level
fusion. Extensive comparisons and ablations validate CoMaR’s
effectiveness and generalization across baselines and datasets,
and we further demonstrate its practical benefits through
real-world experiments.
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