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Abstract—Embodied Referring Expression Grounding
(REVERIE) is a Vision-and-Language Navigation (VLN)
task that better reflects real-world human instructions.
Unlike conventional VLN, REVERIE is more challenging as
agents must navigate in unseen environments and ground
remote objects described by short, high-level commands. This
requires agents not only to plan a route without detailed
step-by-step guidance but also to accurately localize the
target object at the destination. Existing VLN agents mainly
emphasize navigation performance while overlooking object
grounding success, leading to a significant performance gap.
We introduce a model-agnostic interaction framework with
two auxiliary agents, Where-I-Am (WIA) and Where-to-Go
(W2G). Specifically, WIA predicts the current room type
from environmental observations, while W2G infers the target
room type from high-level instructions. Qur framework is
plug-and-play and can be integrated with various VLN models.
On the REVERIE benchmark, it improves navigation success
rate (SR) by 7.78% and remote grounding success (RGS)
by 5.48% over the baselines, demonstrating the effectiveness
and generality of our design. Furthermore, in challenging
unseen test environments, our framework achieves competitive
results on the REVERIE dataset, outperforming the previous
state-of-the-art VLN agent (without additional training data)
with a 2.27% gain in RGS.

I. INTRODUCTION

A long-standing challenge in robotics lies in enabling
robots to interact with humans in the visual world through
natural language, as humans are inherently visual beings
whose communication is grounded in language [1]. While a
cognitively normal child can effortlessly retrieve a cup in a
completely unfamiliar environment, the probability of a robot
accomplishing the same task remains significantly lower [2].
This discrepancy stems from the fact that humans develop
intuitive reasoning about visual scenes and linguistic seman-
tics through accumulated life experiences, whereas current
robots lack such integrative capabilities, thereby constraining
their applicability in real-world scenarios [3]. Consequently,
Embodied Referring Expression Grounding (REVERIE), a
vision-and-language navigation (VLN) benchmark that more
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Fig. 1: Framework of interaction among WIA, W2G, and VLN
agents. The WIA agent provides spatial awareness, the W2G agent
gives goal-oriented instructions, and the embodied VLN agent
interacts with them before navigating. The VLN decision model
integrates instructions, observations to predict navigation actions in
3D indoor environments.

closely approximates human communication, has gained
substantial attention within the embodied Al community [4].

Despite recent progress, embodied VLN continues to face
two critical challenges [5], [6]. (1) In realistic scenarios, fine-
grained natural language instructions are often unavailable,
and human-robot interaction typically depends on abstract,
high-level directives [7]. For instance, given a concise com-
mand such as “Go to the office and move the brown chair
next to the lamp,” humans can readily interpret the seman-
tics, construct a mental representation of the target room
and object, and continuously align the visual and language
representations with perceptual observations to reach the
goal [8]. Embodied VLN agents, however, remain limited
in their ability to effectively process and act upon such
high-level instructions [9]. (2) Empirical studies show that
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state-of-the-art VLN agents still fail to stop at the correct
target room in nearly 30% of cases [10]. To overcome these
limitations, we propose two auxiliary agents dedicated to
room-type recognition, which collaboratively interact with
the VLN agent to enhance navigation performance.

In this paper, we present a novel interaction framework
for REVERIE that explicitly incorporates human-inspired
intuitions into VLN. First, we introduce two auxiliary agents,
Where-I-Am (WIA) and Where-to-Go (W2G), which model
the and “where” reasoning processes of humans by inferring
the current room type and the target room type, respec-
tively. Second, we build two dedicated datasets for training
WIA and W2G, enabling robust room-aware and goal-
aware perception in complex indoor environments. Third,
we seamlessly integrate WIA and W2G into state-of-the-art
VLN agents such as DUET and HAMT, in a plug-and-play
and model-agnostic manner. Finally, extensive experiments
on the REVERIE benchmark demonstrate that our approach
significantly improves both navigation success and remote
grounding accuracy.

The main contributions are summarized as follows:

e We propose a human-inspired interaction framework
with two auxiliary agents, Where-I-Am (WIA) and
Where-to-Go (W2G), to jointly address spatial aware-
ness and goal inference in REVERIE.

e We design dedicated training schemes for WIA and
W2G and integrate them into existing VLN backbones
in a plug-and-play, model-agnostic manner.

o Extensive experiments on the REVERIE benchmark
demonstrate substantial improvements in both naviga-
tion and grounding performance, achieves competitive
results compared to the previous state-of-the-art VLN
agent in test unseen environments.

II. RELATED WORKS
A. Indoor scene recognition

Indoor scene recognition is frequently regarded as a funda-
mental step towards achieving a high-level understanding and
reasoning of indoor environments [ |]. From the perspective
of an indoor robotic assistant, understanding the specific
category of room [12], e.g., kitchen, hallway, or bedroom, is
crucial for optimizing navigation success ratio (SR). The re-
search began with scene recognition from 2D images, leading
to the establishment of serveral scene-centered datasets, i.e.,
MIT Indoor67, SUN397 and Places365. The remarkable fea-
ture extraction capabilities of convolutional neural networks
(CNNs) and self-attention mechanisms have firmly estab-
lished deep neural network-based algorithms as the leading
methodology in indoor scene classification tasks. In indoor
environments, depth information serves as a significant sup-
plementary cue [13]. Chen et al. introduce a comprehensive
RGB-D dataset, named Matterport3D, comprising 10,800
panoramic views across 90 extensive architectural scenes
[14]. Until now, Matterport3D dataset has facilitated a wide
range of supervised computer vision tasks, including but not
limited to semantic segmentation and keypoint matching.

Based on panoramic views from Matterport3D, We build
two small-scale datasets to separately train the Where-I-Am
(WIA) and Where-to-Go (W2G) agents.

B. Spatial Perception in VLN

With the rapid advancements in computility and deep
learning technologies, vision-and-language navigation, a
multifaceted endeavor intersecting the realms of computer
vision, natural language processing, and robotics, has at-
tracted increasingly attention from the research community
in recent years, yielding substantial progress [15]. Room-to-
Room (R2R) [16] and REVERIE [9] are two foundational
datasets in VLN and have become essential benchmarks
for assessing the performance of various VLN algorithms
since then. Contrastive Language-Image Pretraining (CLIP),
a large-scale pre-trained vision-language model, has been
utilized to endow the VLN agents with zero-shot navigation
capabilities, attributable to its robust generalization capabil-
ities. Li et al. develop a layout learner that leverages CLIP
to create prompts, enabling the VLN agent to gain visual
common sense knowledge [ 7]. Experimental results indicate
that the integration of the layout learner with the VLN
agent has led to a 4% improvement in the navigation SR.
Qiao et al. conduct an analysis of dialogues between large
language models (LLMs) and agents to develop the Room-
and-Object Aware Scene Perceiver (ROASP) [18]. ROASP
generates detailed, step-by-step planning for the VLN agent
by describing the types of objects present within a room.
The aforementioned methods directly leverage pre-trained
visual representations derived from the CLIP-based mod-
els. Although the visual representations from CLIP exhibit
enhanced generalization capabilities relative to conventional
classification networks, their performance in indoor room
classification tasks still remains less than satisfactory.

C. Auxiliary Tasks in VLN

For transformer-based VLN models, pretraining with aux-
iliary tasks has proven to be an effective initialization strat-
egy. These tasks typically include offline expert demon-
strations via behavior cloning as well as commonly used
vision—language proxy objectives. Majumdar et al. first intro-
duced the masked language modeling (MLM) task for VLN
pretraining [19]. By training image—text pairs with MLM,
VLN agents are able to improve their trajectory selection
performance. Anderson et al. initially proposed the masked
region classification (MRC) task, which was later adopted
by Chen et al. for VLN pretraining [20]. The goal of MRC
is to predict the semantic label of masked observations
along a trajectory given the navigation instruction and nearby
visual inputs. Chen et al. also proposed the single-step action
prediction (SAP) task for VLN pretraining [21]. SAP applies
imitation learning to predict the next action conditioned on
the instruction and historical context, enabling the model
to learn how to make action decisions effectively. In this
work, we sequentially incorporate MLM, MRC, and SAP
into the training of the VLN agent, which leads to notable
improvements in navigation performance.
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Fig. 2: Architectures of the Where-I-Am (WIA) and Where-to-Go (W2G) modules. WIA processes visual observations and W2G encodes
language instructions, and their outputs are integrated to update context-aware navigation guidance.

III. METHOD

In this section, we first introduce Where-I-Am (WIA)
module, and then introduce the Where-to-Go (W2G) module.
Next, we introduce how to integrate the WIA and W2G
module into the previous state-of-the-art VLN agent.

A. Navigation Task Formulation

The decision-making of REVERIE can be formulated as
a Partially Observable Markov Decision Process (POMDP).
When starting the navigation, the VLN agent receives a natu-
ral language instruction W = {wi}le, where w; represents
the ith word token and L is the length of the instruction.
At each time step ¢, the VLN agent gets an observation
derived from the state sg, and then generates the next action
a; from the control policy m. After that, the VLN agent
can gain an immediate reward and step into the next state
s1. In this work, the state s refers to the position of the
VLN agent. The observation refers to the panoramic view
Ry = {ri};_, perceived by the VLN agent at the current
position, where each single view image r; is represented by
an image feature vector. Different from R2R, the VLN agent
can also obtain the object features O, = {0;},-,, where m
denotes the number of objects which are extracted from the
panorama view. The VLN agent continues to navigate within
the environment until a special [stop] action is chosen or
reaches the pre-defined maximum number of steps. Thus, we
can consider the immediate reward to be zero.

B. Egocentric Indoor Perception with Agent Interaction

We build two small-scale datasets to separately train the
Where-I-Am (WIA) and Where-to-Go (W2G) agents. For
WIA, we obtain room type labels from the Matterport
point-wise semantic annotations, which contain 30 distinct
categories of indoor scenes. For W2G, we manually annotate
the target room type for each navigation instruction from the
REVERIE training dataset. After training, the predicted room
categories from both WIA and W2G are incorporated into
the navigation instructions for embodied decision-making.
The detailed training procedures are described as follows.
WIA Agent. The goal of the WIA agent is to enable the VLN
agent to recognize the type of room it is currently located
in. As illustrated in Fig.2(a), the WIA module consists of a
pre-trained CLIP vision encoder, followed by self-attention
layers and a two-layer feed-forward network (FFN) as a
classifier. Given the panoramic observation at a viewpoint

R+, the extracted features are denoted as Rfred:
Rfred _ J—_-Softmax ]:FFN (]_-SA (J—_-CLIP (Rt))) (1)
LM = CrossEntropy (R, RET) (2)

where R; is the panoramic input at time step ¢, RE™ is the
predicted room type distribution, and R$T is the ground-truth
room label. Since the current environment typically belongs
to a single room category, even though the panorama contains
multiple viewpoints, the dominant room type should exert the
largest influence. Therefore, we average the predicted scores
across all viewpoints and assign the final room type as the
one with the highest averaged score. During training, the
weights of the pre-trained CLIP encoder remain frozen.
W2G Agent. While the WIA agent focuses on the current
location, a navigation agent without a clear understanding of
its goal destination is inherently short-sighted. The aim of the
W2G agent is to help the VLN agent infer the target room
type specified by the instruction. As illustrated in Fig.2(b),
the W2G module is composed of a pre-trained multi-layer
transformer encoder (i.e., BERT), followed by self-attention
layers and a two-layer feed-forward network (FFN) as a
classifier. For the instruction sequence WV corresponding to
a given trajectory, the predicted room type distribution is
denoted as WFred:

WPred — ]:Softmax FFFN (JT_'SA (.FBerl(W))) (3)
£Y?G = CrossEntropy (WP WET) 4)

where WP is the predicted distribution over room cat-
egories, and WST is the ground-truth label of the target
room. In contrast to WIA, all network parameters of W2G,
including those of the pre-trained BERT encoder, are updated
through backpropagation.

C. Integration with VLN Agent

We regard the integration of WIA and W2G as a model-
agnostic augmentation strategy, and apply it to the pre-
vious state-of-the-art framework, i.e., DUET. For image
embeddings, a pre-trained CLIP vision encoder is employed
to extract features from both panoramic observations and
detected objects. For language embeddings, a pre-trained
multi-layer BERT encoder is adopted to process the updated
navigation instructions. Fig.3 illustrates the node embedding,
cross-model blocks and the forward propagation process.
Node Embedding from Topological Map. At time step t,
we construct a topological graph G, = {v | v C V} to
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Fig. 3: Framework of WIA&W2G+DUET, based on the dual-scale graph transformer. Our model utilizes the topological graph together
with the navigation instruction as inputs, and adaptively integrates the decisions from both local and global branches to determine the

subsequent action.

represent the environment. As illustrated in Fig.3, the graph
consists of three types of nodes: visited nodes (blue cir-
cles), navigable nodes (yellow circles), and the current node
(double blue circle). Both the visited nodes and the current
node have already been explored, and the VLN agent can
access their panoramic visual features, while navigable nodes
remain unexplored and are partially observable from visited
nodes. For feature encoding, when navigating to a node at
step t, the VLN agent extracts panoramic features R; from
the panorama and object features O, from the corresponding
bounding boxes. A multi self-attention layers-based encoder
is then applied to fuse these two types of features, producing
the local visual representation of the node. The update rules
for node representations are as follows:

o for the current node, its representation is obtained by
concatenating R, and O, followed by average pooling.
for unvisited nodes, the average of all partially observed
image features from multiple viewpoints is used.

« for visited nodes, the representation remains unchanged.

Finally, the node representation consists of the location
embedding, the step embedding, and the visual embedding.
The location embedding is formed by concatenating the
Euclidean distance, heading, and elevation relative to the
current node; the step embedding records the last visited time
step of each node, while unvisited nodes are assigned zero.
Cross-Modal Graph Encoding. For the global cross-model
block, the node embeddings are used as query tokens and
the word embeddings are used as key and value tokens,
respectively. A cross-attention Layer is used to models the
relationships between the map and the instruction. Graph-
Aware Attention (GAA) layer incorporates the graph’s struc-
tural information to refine attention computation, denoted as

fGAA(V) _ ]:Softmax <VWQ(VW7€>T
Vd
where V denotes node representations, W,, Wy, W, denote
the learnable parameter matrices, 1/ Vd is the scaling factor.
Here, we omit the biases. M denotes the pair-wise distance
matrix from the topological map. For the local cross-model

+ M) VW, (5)

block, the image embeddings are used as query tokens and
the word embeddings are used as key and value tokens,
respectively. We employs a 4-layer cross-modal transformer
to integrate vision—language feature, computing action logits
only over navigable views. During action prediction, we
dynamically fuse the global action and local action with a
two-layer feed-forward network.

D. Training and Inference

Train Procedure. We first pre-train our model on proxy
tasks, including masked language modeling (MLM), masked
region classification (MRC) and single-step action prediction
(SAP). The details of proxy tasks are as follows:

e MLM aims to minimize the negative log-likelihood
of original words, the loss function is LMM
—log p(w;( WMk 2{1), where W™K denotes the
masked instruction, Hr denotes the full trajectory with
length T

MRC aims to minimize the KL divergence between
the predicted and target probability distribution, the
loss function is LMRC = — 2;‘;()10 P, jlog P, j, where
P; € R'090 jg the target class probability for a masked
observation.

SAP aims to minimize negative log probability of
the target view action, the loss function is L3AP =
23:1 —log p(ai|W,P;), where a; is the expert action
of a partial demonstration path P;.

During finetuning, we adopt the imitation learning approach,
i.e., DAgger, to further optimize the VLN agent.
Inference. At each testing step, the WIA agent determines
the room type of the current viewpoint based on its visual
observation, while the W2G agent predicts the target room
category conditioned on the navigation instruction. The topo-
logical map is then updated, and the VLN agent outputs
a fused action decision. The agent is forced to terminate
once the maximum step limit is reached. At the [stop]
viewpoint, the VLN agent selects the object with the highest
prediction score as the target.
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Instruction: Walk out of the living room into the hallway. Turn right at the first entry way and enter the office.

Stop inside of the room once you reach the chair and are facing the 3 windows.

O
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Fig. 4: A representative visual result of WIA&W2G and DUET on val unseen split of R2R. Brown and green circles denote the start and
target locations, the red circle represents incorrect endpoint, respectively. According to the instruction, the agent should turn right at the
waypoint marked with yellow. WIA&W2G makes the correct decision, while DUET is confused by similar entrance at the waypoint.

IV. EXPERIMENT
A. Experiment Settings

Datasets. We primarily centered on the goal-oriented,
high-level instruction-driven VLN benchmark, specifically
REVERIE. To accurately localize target objects within
REVERIE, the agent must possess both fine-grained object
grounding capabilities and sophisticated exploration skills.
Additionally, we assess our WIA&W2G on the low-level
instruction-driven VLN benchmark, i.e., R2R, which involves
step-by-step instructions and no object grounding.

The R2R dataset comprises 7,189 trajectories sampled
from 90 distinct buildings, including 22k human-crafted
navigational instructions. Furthermore, the REVERIE dataset
features 4,140 target objects categorized into 489 distinct
types, accompanied by 21,702 instructions, each averaging
18 words in length. Both REVERIE and R2R leverage the
Matterport3D simulator and encompass 90 photo-realistic
residential houses. Each residence is characterized by a
distinct collection of navigable viewpoints. Each viewpoints
is encapsulated by a crafted skybox with corresponding
panorama. All the residential houses are split into train seen,
val seen, val unseen, and test unseen subsets. Note that the
houses in the val seen split are the same as in train seen, in
contrast, the houses in val unseen and test unseen splits are
different from train seen split. To avoid information leakage,
the WIA and W2G agents are trained solely on the train seen
subsets, strictly excluding all val and fest unseen houses.
Evaluation Metrics. The performance of VLN agents is
assessed in two aspects, i.e., navigation and object grounding.
For the navigation sub-task, we have:

o Success Rate (SR): the proportion of tasks in which
the agent’s stopping location is within 3 meters of the
target location.

e Oracle Success Rate (OSR): the proportion of tasks in
which at least one viewpoint along the agent’s trajectory
can observe the target object within 3 meters.

o Success weighted by Path Length (SPL): the main
metric for navigation, which balances success rate (SR)
with trajectory efficiency, measured by the ratio between

Room to Room (R2R)

Models Val Unseen Test Unseen

TL] NE| SRt SPL{| TL| NE| SRt SPL}

Human — — — — 11.85 1.61 86.4 76.0
Random H 9.77 923 163 — ‘ 9.93 9.77 132 12.0
Seq2Seq [16] 839 7.81 22 — 8.13 785 20 18
SF [22] —  6.62 35 — 14.82 6.62 35 28
EnvDrop [23] 10.70 522 52 48 | 11.66 523 51 47
AuxRN [24] — 528 55 50 — 515 55 51
Active [25] 20.60 4.36 58 40 [21.60 433 60 41
ORIST [8] 1090 4.72 57 51 | 11.31 5.10 57 52
VLNOBERT [13] 12.01 393 63 57 1235 4.09 63 57
HAMT [21] 1146 229 66 61 |[12.27 393 65 60
SOAT [26] 12.15 4.28 59 53 [12.26 449 58 53
SSM [27] 20.7 432 62 45 204 4.57 61 46
CCC [28] — 520 50 46 — 530 51 48
REM [29] 1244 389 64 58 |[13.11 3.87 65 59
SEvol [30] 1226 3.99 62 57 | 13.40 4.13 62 57
ADAPT [31] 12.33 3.66 66 59 |13.16 4.11 63 57
HOP [11] 12.27 3.80 64 57 [12.68 3.83 64 59
LANA [32] 120 — 68 62 126 — 65 60
TD-STP [33] — 322 70 63 — 373 67 61
KERM [34] 13.54 322 72 60 |14.60 3.61 70 60
DUET [10] 13.94 331 72 60 |14.73 3.65 69 59
WIA&W2G+DUET || 13.19 3.18 72 61 |[14.36 3.63 70 60

TABLE I: Quantitative results on R2R. ‘—’: unavailable statistics.

the shortest possible path length and the agent’s actual
trajectory length.

For the object grounding sub-task, we have:

« Remote Grounding Success (RGS): the proportion of
tasks in which the agent identifies the target object.
¢ RGS weighted by Path Length (RGSPL): the main
metric for grounding, which adjusts RGS by incorpo-
rating path length efficiency.
For all the above metrics, higher values indicate better per-
formance. Additionally, Trajectory Length (TL) represents
the average path length of predicted navigation trajectories.

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

REVERIE. To validate the generalization of WIA&W?2G,
we evaluate its performance when integrated with HAMT
and DUET in Table.Il. Compared with the previous state-
of-the-art agents in VLN, WIA&W2G achieves superior
performance in object grounding, yielding a notable improve-
ment on the val unseen split. Moreover, WIA&W2G delivers
consistent gains in both navigation and object grounding
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Remote Embodied Visual Referring Expression in Real Indoor Environments (REVERIE)
Models - Val Unseen . - Test Unseen i
Navigation Object Navigation Object
TL] OSR?T SRt SPL?T | RGStT RGSPL{ | TL{ OSRfT SRt SPLT | RGST RGSPL{

Human — — — — — — 21.18 86.83 81.51 53.66 | 77.84 51.44

Random 10.76  11.93 1.76 1.01 0.96 — 10.34 8.88 2.30 1.44 1.18 —

Seq2Seq [16] (cveraois 11.07  8.07 4.20 2.84 2.16 1.63 10.89  6.88 3.99 3.09 2.00 1.58
RCM [35] (cverao19 1198 1423  9.29 6.97 4.89 3.89 10.60 11.68  7.84 6.67 3.67 3.14
FAST-M [9] (cveroo) || 45.28 2820 1440  7.19 7.84 4.67 39.05 30.63 19.88 11.61 11.28 6.08
SIA [36] (cveraoi 41.53  44.67 31.53 16.28 | 2241 11.56 48.61 4456 30.80 14.85 | 19.02 9.20
VLNOBERT [13] (cveroo21 16.78 35.02 30.67 2490 | 18.77 15.27 1586 3291 29.61 2399 | 16.50 13.51
Airbert [37] nccvaon 18.71 3451 27.89 21.88 | 18.23 14.18 1791 3420 3028 23.61 16.83 13.28
HOP [11] (cvero022 1646 3624 31.78 26.11 18.85 15.73 1638  33.06 30.17 2434 | 17.69 14.34
TD-STP [33] vin2022 - 39.48 34.88 27.32 | 21.16 16.56 — 4026 3589 2751 19.88 15.40
KERM [34] (cverooos) || 21.85  55.21  50.44 35.38 | 34.51 24.45 17.32  57.58 5243 39.21 32.39 23.64
Lily [38] ncovaoes || 21.87 5371 48.11 3443 | 32.15 2343 21.94 60.51 5432 3734 | 32.02 21.94
BEVBert [12] [iccvaos — 56.40 51.78 36.37 | 34.71 24.44 - 5726 5281 3641 | 32.06 22.09
GridMM [39] ncevaoosy || 2320 57.48  51.37 3647 | 34.57 24.56 1997 59.55 53.13  36.60 | 34.87 23.45
LANA [32] ncevaos 23.18 5297 4831 33.86 32.86 22.77 18.83 5720 51.72 3645 32.95 22.85
BSG [40] ncevaesy || 2471 58.05 52,12 35.59 | 35.36 24.24 2290 62.83 5645 3870 | 33.15 22.34
ENP [41] newps2024 || 2576 5470 48.90 3378 | 34.74 23.39 22770 5938  53.19  36.26 | 33.10 22.14
VER [5] [cvrro02 23.03 61.09 5598 39.66 | 33.71 23.70 24774 6222  56.82 38.76 | 33.88 23.19

SAME [6] nicevaos 18.87 — 46.35 36.12 — — 19.47 — 48.60  37.10 — —
HAMT [21] eurips2021 14.08 36.84 3295 30.20 | 18.92 17.28 13.62 3341 3040 26.67 | 14.88 13.08
WIA&W2G+HAMT (Ours) || 13.73 3743 3422 30.82 | 19.97 17.74 15.04 3578 3191 2695 | 15.35 13.69
DUET [10] (cveroo22y || 2211 51.07 4698 3373 | 32.15 23.03 2130 5691 52,51 36.06 | 31.88 22.06
WIA&W2G+DUET (Ours) || 27.43  60.10 5476 36.81 | 37.63 25.12 25.17 63.62 57.60 39.34 | 35.62 24.17

TABLE II: Quantitative comparison results on REVERIE [9]. ‘—’: unavailable statistics. Adding our WIA&W2G to HAMT and DUET

(gray rows) leads to improved navigation metrics (i.e., SR and SPL) and object grounding metrics (i.e., RGS and RGSPL) on both val

and test unseen split.

Modules Navigation Object
BASE. WIA. W2G. | OSRt SRt SPL{ | RGST RGSPLt
v 51.07 4698 33.73 | 32.15 23.03
v v 5555 5240 3535 | 3553 23.72
v v 55.15 50.72 33.83 | 33.37 22.04
v v v 60.10 54.76 36.81 | 37.63 25.12

TABLE III: Ablation study of overall scheme on val unseen split
of REVERIE [9] compared with navigation metrics (i.e., OSR, SR,
SPL) and object grounding metrics (i.e., RGS, RGSPL).

in test unseen split. For instance, on the val unseen split,
WIA&W2G outperforms the previous best VLN agent, i.e.,
BSG, in object grounding (2.27%7T on RGS, 0.88%7 on
RGSPL). On the test unseen split, WIA&W2G demonstrates
better generalization, surpassing VER in both navigation
(0.78%1 on SR, 0.58%7T on SPL) and object grounding
(1.74%7 on RGS, 0.98%1 on RGSPL). The results achieved
by WIA&W?2G highlight its superior capability in accom-
plishing the task with improved accuracy, thereby underscor-
ing the effectiveness of spatial awareness in VLN. It is worth
emphasizing that all aforementioned VLN agents are trained
solely on the original REVERIE dataset, without utilizing
any augmented VLN trajectory—instruction pairs.

R2R. Table.I presents the comparative results on the R2R.
It is worth noting that, although WIA&W?2G achieves sub-
stantial improvements on the REVERIE, the gains observed
on the R2R are relatively limited. In REVERIE, high-level
instructions characterized by concise vocabulary align more
naturally with expressions commonly encountered in daily
household scenarios. In contrast, the low-level instructions
in R2R are more detailed, embedding extensive and detailed
descriptions of the trajectory. Consequently, WIA&W2G
shows considerable potential in household environment, as

Base Polic REVERIE val REVERIE test
y RGST RGSPLT|RGStT RGSPLt

ENP [41] (newrips2024] || 34.74 23.39 33.10 22.14

DUET | G-Mate [42] (wacvaos) || 34.11 24.45 34.62 24.08

WIA&W2G (Ours) || 37.63 25.12 35.62 24.17

TABLE IV: Comparison with previous policy add to DUET on
REVERIE dataset in object grounding performance.

it is well-suited to handle abstract and simple instructions.

C. Navigation Case Visualization

R2R. As illustrated in Fig.4, precise action selection at
critical decision points is essential for faithfully executing the
instruction, which specifies, “Turn right at the first entryway
and enter the office.” At the waypoint marked in yellow
(step @), the agent must decide between two visually similar
entrances. WIA&W2G correctly interprets the instruction
and executes the right turn, leading to the designated office
and ultimately reaching the correct endpoint (step ). In
contrast, DUET misinterprets the scene context, choosing an
incorrect entrance that results in deviation from the intended
path and termination at an erroneous endpoint (step ). This
example highlights the importance of accurate grounding
at ambiguous waypoints and demonstrates the robustness
of WIA&W2G in handling visually confounding scenarios
commonly encountered in household environments.

REVERIE. As illustrated in Fig.5, several representative
examples of WIA&W2G and DUET model are shown on
the val unseen split of the REVERIE. In the first row, under
a relatively simple route, WIA&W2G correctly identifies
the target landmark and successfully stops at the designated
location, whereas DUET deviates and fails to reach the
correct endpoint. In the second row, for a trajectory requiring
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Enter the dining room and dust off the dining chair closest to the entry.

Take down the picture hanging on the wall furthest from the entrance in
the bathroom with the tall brass tea kettle standing on the floor.

Can you turn off the light above the refrigerators in the office with the
cooking appliances and refrigerators?

W % Ground-Truth

O—.0—®@ Predicted trajectories W Start < Target

Fig. 5: Predicted trajectories of WIA&W2G and the state-of-the-
art DUET on REVERIE val unseen split. The black and checkered
flags denote start and target locations, respectively. The white lines
denote ground-truth trajectories. WIA&W2G is able to make more
efficient explorations and correct its previous decisions.

multiple turns, WIA&W?2G selects the correct initial direc-
tion. Although some exploratory movements occur along the
way, it eventually arrives at the correct target. In contrast,
DUET makes an incorrect early turn, leading to task failure.
In the third row, both agents initially explore in the wrong
direction. Nevertheless, WIA&W2G efficiently corrects its
trajectory and successfully reaches the target, while DUET
continues to diverge from the intended path. These examples
demonstrate the robustness of WIA&W2G in handling com-
plex navigation instructions and its ability to recover from
suboptimal exploration.

D. Diagnostic Experiment

In Table.Ill, we present an diagnostic experiment on the
val unseen split of the REVERIE dataset to evaluate the
contributions of each module. Compared with the base-
line DUET, incorporating the WIA module significantly
improves performance on both navigation (0.78%7 on SR,
0.58%71 on SPL) and object grounding (2.27%1 on RGS,
0.88%1 on RGSPL). This improvement can be attributed
to WIA’s ability to enhance the agent’s spatial perception
in complex household environments. Furthermore, when the

W2G module is added, the performance surpasses the WIA-
only setting across all metrics. The gain primarily benefits
from W2G’s grounding-aware guidance, which enables the
agent to resolve visual ambiguities and locate target ob-
jects more efficiently during navigation. By combining both
modules with the baseline DUET, the final system achieves
substantial gains in both navigation (7.78%1 on SR, 3.08%1
on SPL) and object grounding (5.48%1 on RGS, 2.09%1 on
RGSPL), outperforming the baseline by a large margin.

Table.IV compares our proposed WIA&W2G module with
recent policies added to DUET on the REVERIE dataset.
On the val unseen split, WIA&W2G achieves 37.63% RGS
and 25.12% RGSPL, notably outperforming ENP and G-
Mate. On the test unseen split, WIA&W2G continues to
demonstrate superior generalization, achieving 35.62% RGS
and 24.17% RGSPL, again exceeding previous policies.
These results not only confirm the robustness of our method
in object grounding but also highlight its overall advantage
over existing approaches.

V. CONCLUSION AND FUTURE WORK

In this work, we presented a model-agnostic interaction
framework with two auxiliary agents, Where-I-Am (WIA)
and Where-to-Go (W2G), to address the challenges of the
REVERIE task. By explicitly modeling room awareness and
goal inference, our method enhances both navigation plan-
ning and remote object grounding. The proposed framework
is plug-and-play and can be integrated with various VLN
backbones, consistently improving performance without re-
quiring additional training data. Extensive experiments on
the REVERIE benchmark demonstrate significant gains in
navigation success rate and grounding accuracy, surpassing
strong baselines and the previous state-of-the-art. Moreover,
our approach shows strong generalization ability in unseen
environments, highlighting the benefit of incorporating spa-
tial and semantic cues into VLN agents. Future work will
explore extending this interactive framework to VLN-CE
settings and integrating it with large language models for
more general embodied reasoning.
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