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Abstract

In this work we concentrate on the task of goal-oriented
Vision-and-Language Navigation (VLN). Existing methods
often make decisions based on historical information, over-
looking the future implications and long-term outcomes of
the actions. In contrast, we aim to develop a foresighted
agent. Specifically, we draw upon Q-learning to train a Q-
model using large-scale unlabeled trajectory data, in order
to learn the general knowledge regarding the layout and
object relations within indoor scenes. This model can gen-
erate a Q-feature, analogous to the Q-value in traditional
Q-network, for each candidate action, which describes the
potential future information that may be observed after tak-
ing the specific action. Subsequently, a cross-modal future
encoder integrates the task-agnostic Q-feature with naviga-
tion instructions to produce a set of action scores reflect-
ing future prospects. These scores, when combined with
the original scores based on history, facilitate an A*-style
searching strategy to effectively explore the regions that are
more likely to lead to the destination. Extensive experiments
conducted on widely used goal-oriented VLN datasets vali-
date the effectiveness of the proposed method.

1. Introduction
The task of Vision-and-Language Navigation (VLN) re-
quires an agent to reach the target location in a photo-
realistic environment following language instructions. As
a crucial step towards embodied intelligence, this topic has
recently attracted significant attention, and many related
benchmarks has been published [3, 48, 54, 96, 107, 143].
In particular, REVERIE [96] concentrates on goal-oriented
VLN, in which the instruction contains only the description
of the target object, instead of step-by-step guidance. This
setup is well-suited for the development of practical home
assistants, where humans only need to provide intent-level
cues rather than detailed navigation steps.

From a high-level perspective, goal-oriented VLN can
be viewed as a searching problem in the scene. Despite

*Corresponding author.

significant progress, existing methods [13, 14, 78, 80, 117]
often rely solely on the information from the visited areas
to make a single-step decision, without considering the po-
tential consequences of the action. As suggested by the A*
algorithm [33], integrating a heuristic metric that evaluates
the future outcome when selecting frontiers to explore may
greatly improve the efficiency of searching. Thus, we hope
to devise a foresighted navigation agent that explicitly rea-
son about the future prospects, in addition to the observation
along the partial trajectory. A motivating example is illus-
trated in Figure 1.

Currently, several research efforts have already incor-
porated future information into the decision-making pro-
cess, and most of them focus on predicting single-step out-
comes [19, 58, 125, 137]. By leveraging the overlapping
fields of view between adjacent viewpoints, these methods
can predict the scenario of the area reached after an action is
taken. However, they focus on imagining the visual obser-
vations of neighboring nodes and only consider local hints,
failing to capture long-range, semantic-level future infor-
mation. On the other hand, [51, 115, 119] learn a world
model to predict future information in a more principled
way. Though these methods can anticipate future states
for any number of steps ahead, they require multi-rounds,
multi-steps expansions through the world model for each
decision. This rollout process is highly time-consuming and
prone to distortions and overfitting, particularly when pre-
dictions are made in the RGB space [51, 115].

To address this dilemma between the horizon and effi-
ciency, we propose NavQ, an agent that predicts the long-
horizon future information within a single forward pass. At
its core is a Q-model capable of anticipating the aggre-
gated future outcomes in the latent space. Traditionally,
Q-learning will formulate a Q-function that evaluates the
cumulative reward value of a state-action pair. Here, our Q-
model instead outputs a Q-feature, which encapsulates the
cumulation of future observations following the execution
of an action. Free from reward computation, our Q-model
can be pre-trained on abundant unsupervised trajectory data
to enhance generalizability. Following the Q-model, an ad-
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Figure 1. Left: the motivation of the proposed method. We generate cumulative Q-feature for each candidate action, which represents the
future outcomes of choosing the action and enables foresighted navigation decisions. Right: a high-level comparison among the decision
making processes of (a) methods based on imagining neighborhood observations, (b) methods based on a world model, and (c) our proposed
method. Our Q-model is capable of forecasting the long-horizon future without time-consuming rollouts.

ditional cross-modal encoder is introduced to interact the
Q-feature of each possible action with the text instruction,
producing future-sensitive scores to complement the orig-
inal decision making process based on history and current
observation.

To sum up, our contributions are as follows:
• We devise a Q-model that learns to predict long-range fu-

ture semantics in the form of an aggregated Q-feature. We
put forward a self-supervised learning pipeline to train
this model on randomly-sampled trajectories without in-
struction annotation.

• We build a cross-modal future encoder that translates the
Q-feature into goal-oriented heuristics. Integrating this
module into a baseline model, we achieve an A*-inspired
agent that makes a balance between historical progress
and future prospects.

• Extensive experiments are conducted to demonstrate the
effectiveness of the proposed method.

2. Related Works
2.1. Vision-and-Language Navigation
Since its introduction in [3], vision-and-language naviga-
tion [34, 48, 54, 56, 96, 143] has received significant at-
tention in recent years. Existing works address this task
through various approaches, including (1) the exploration of
different learning strategies such as imitation learning [63],
reinforcement learning [22, 111, 119, 120], adversarial
training [26, 68, 134], generative modeling [18], curriculum
learning [131], cycle-consistent learning [114], and energy-
based optimization [79]; (2) the design of offline pre-
training [20, 31, 32, 42, 45, 75, 84, 98], auxiliary tasks [62,
66, 82, 121, 142], and regularizations [93, 117, 122] for
a more stable and less biased training process; (3) the de-
velopment of more informative history representations and

scene representations [2, 4, 10, 12, 13, 21, 41, 73, 78, 80,
112, 116, 124]; (4) the design of action space for effi-
cient exploration and backtracking [14, 28, 47, 50, 83, 110];
(5) the extraction of finer-grained visual [43, 46, 71, 88,
97, 136] and textual features [1, 16, 39, 40, 59, 69, 95,
135, 144] or the incorporation of external knowledge from
large language models (LLM) [11, 72, 81, 92, 99, 101,
132, 139–141], vision-language models (VLM) [62], and
knowledge bases [27, 64, 87]; (6) the implementation of
data augmentation techniques, including observation per-
turbation [36, 52, 61, 70], automatic trajectory annota-
tion [23, 25, 44, 53, 65, 91, 106, 118, 126] and creating new
scenes [15, 49, 57, 74, 77, 123]; and (7) the introduction of
diverse related tasks [6, 17, 89, 90, 104, 107, 113, 145] and
practical settings [5, 29, 38, 55, 100].

In particular, a line of works focusing on leveraging fu-
ture information offers inspirations for our method. Exist-
ing attempts can be roughly classified into three paradigms.
(1) Some of them [51, 115, 119] train a generative world
model that outputs the next observation given current ob-
servation and an action. With this model, candidate actions
can be mentally expanded for multiple steps (using beam
search or MCTS), and the consistency of the resulting paths
with the text instruction is used to evaluate the correspond-
ing action. (2) Other works employ future-related informa-
tion to augment the visual features. [19, 58, 125] leverage
various techniques like dVAE, volume rendering, NeRF, or
diffusion to synthesize the resulting observation of an ac-
tion. Upon the synthesized images, [137] further consults a
VLM to reason about them. (3) Also, there is a series of at-
tempts [30, 67, 103, 130, 133, 138], mainly in Object Nav-
igation (ObjNav), working on completing the unobserved
area or predicting a possible sub-goal in a top-down map.
Different from the works above, our method directly pre-
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dicts the Q-feature of each candidate action, thus it does not
involve the time-consuming step-by-step rollout of a world
model (in contrast to (1)) nor the explicit construction of a
metric map (in contrast to (3)). On the other hand, we focus
on the long-horizon, high-level, heuristic future semantics
rather than he immediate, localized, reconstruction-based
neighborhood information (in contrast to (2)).

2.2. Q-Learning and Q* Agent
As a classic algorithm in reinforcement learning (RL), Q-
learning [127] and its deep learning-based variants [37, 85,
108] have achieved breakthroughs in game playing and be-
yond. Later, there has been a growing body of research
exploring the integration of Q-learning with the powerful
representational capabilities of Transformers [9, 24, 129],
leading to notable advancements in the field of embodied
intelligence. More recently, the concept of the Q* algo-
rithm has garnered remarkable attention, especially in the
realm of LLM-based reasoning and planning. [109] com-
bines Q-learning with A* search [33] to improve the multi-
step reasoning capability of the LLM. It proposes to learn
a Q-value model on sampled reasoning trajectories, and the
output of this model is added with a process-based reward
to determine the best action at each step. [94] and [76]
also estimate the Q-value of the agent’s actions, which then
serves as feedbacks and enables the self-improvement of
LLM. In this work, we also aim to employ a combination
of Q-learning and A* search. However, instead of build-
ing a general inference pipeline for LLMs, we design a
grounded agent in the specific context of navigation. We
borrow the idea of A* to implement a foresighted embod-
ied agent, while leveraging Q-learning to efficiently equip
the agent with knowledge on future outcomes.

An ObjNav method VLV [8] also involves Q-learning for
navigation. It learns a value function from YouTube videos
that outputs the Q-value for an image-action pair, represent-
ing the closeness to certain object classes. It should be noted
that this method cannot be trivially adapted to our task, as
the target in VLN is not specified by a closed-set object cat-
egory. Instead, by advancing from Q-value to Q-feature, we
manage to capture general-purpose, target-agnostic, future-
centric knowledge from unlabeled paths. Thus, the model
design and training process of our Q-model diverge signifi-
cantly from that of VLV.

3. Method

3.1. Task Setting and Base Model
The target of goal-oriented VLN, or Remote Embodied Vi-
sual referring Expression, is to navigate to an object referred
by text instruction. The reachable places in the scene are ab-
stracted as a graph. At each time step, the agent perceives
a panoramic image at its current node, and selects a neigh-
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Figure 2. An overview of the proposed model. The gray modules
are inherited from the baseline model [14], while the orange ones
are introduced by this work.

boring node as its action. The panoramic observation is usu-
ally divided into 36 discrete views. We use DUET [14] as
the base agent. As shown in Figure 2, it maintains a graph
of the visited nodes and candidate nodes (the nodes that
have been observed but not visited) during the navigation
process. When determining actions, it interacts the textual
feature with the coarse-grained node features on the graph
and the fine-grained view features around the current posi-
tion, using a global encoder (GE) and a local encoder (LE),
respectively. The resulting dual-scale features are fused to-
gether to predict the action scores for all the candidate nodes
on the graph. Formally, the major computation process of
DUET can be summarized as:

Gt = Update(
{
rti
}N

i=1
, Gt−1), (1){

v̂ti
}|Gt|
i=0

= GE(Gt, w), (2){
r̂ti
}N

i=1
,
{
ôti
}Mt

i=1
= LE(

{
rti
}N

i=1
,
{
oti
}Mt

i=1
, w), (3)

pa,t = Fuse(
{
v̂ti
}|Gt|
i=0

, {r̂i}Ni=1), (4)

po,t = Pred Obj(
{
ôti
}Mt

i=1
). (5)

At timestep t, {rti} are the image features of the N = 36
views at current location, Gt is the maintained graph, w is
the feature of the text instruction, {oti} are the features of
M t possible objects at current location. The output pa,t and
po,t are probability distributions over the candidate nodes
and the possible objects, respectively.

3.2. Overview
Since the action scores produced by DUET are purely based
on history information in the explored area, we propose
to introduce an additional future-related branch into the
pipeline, running in parallel with GE. As illustrated in Fig-
ure 2, the added branch comprises a Q-model and a future
encoder. The former generates Q-features for each navi-
gation candidate, aggregating potential future observations
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along that direction into a latent vector. The latter further
utilizes the text instruction to transform the task-agnostic
Q-features into scores that are helpful for the navigation
problem. Intuitively, by integrating the anticipation of long-
horizon outcomes into the decision-making process, the
model is expected to select more foresighted and efficient
navigation actions. In the following two subsections, we
will detail the design and training of these two modules.

3.3. Q-Model
In RL, the Q-value of a state-action pair is defined as the ex-
pected cumulative reward that an agent can attain by taking
the action. A high-quality value function will help the agent
execute prescient decision-making and select the optimal
action. To train such a value function, we first need to de-
fine an appropriate reward function. For VLN, rewards are
naturally related to the destination described by natural lan-
guage instructions (e.g., distance to the destination) [111,
119, 120]. However, the scarcity of instruction-annotated
data stands as a notorious issue in this field, prompting a se-
ries of endeavors [23, 25, 44, 53, 65, 91, 106, 118] trying to
alleviate it. In light of this, we hope to decouple the reward
computation from the training of our Q-model, by making
the Q-model estimate future observations rather than future
rewards. In particular, we define the Q-function as follows:

Q(T, a) = R(A) + γEa′∼π(a′|T∪{A})[Q(T ∪ {A} , a′)]
(6)

In the context of VLN, the state is a partial trajectory T. The
action a is to choose a local candidate node A, which will
deterministically lead to a new state T∪{A}. γ is the decay
ratio. R is a feature extractor. π is a navigation policy. It
is clear that the formulation of Eq (6) is irrelevant with the
navigation destination and the trajectory description, so Q
can be learned on annotation-free scenes.

3.3.1. Data Gathering and Supervision
Based on the Bellman equation, classical Deep Q-Learning
(DQN) [86] updates the Q-model using the gradients of
temporal difference errors. In VLN, since there are finite
nodes on the graph and revisiting is prohibited, the recur-
sion in Eq (6) will end at some point where the current node
has no valid candidate. Actually, the probability of reach-
ing a particular node from a state-action pair under policy π,
as well as the distribution of the number of steps required
to reach it, can be calculated by enumerating all feasible
episodes (i.e., terminated trajectories) on the graph. To be
specific,

Pπ(N , t|T, a) =
∑

T̃∈T(T,A,N ,t)

Pπ(T ∪ {A} → T̃). (7)

Here, T(T,A,N , t) is the set of terminated trajectories that
satisfy: (i) each trajectory starts with T ∪ {A}, (ii) the por-
tion of the trajectory after A contains node N , and (iii) the
number of steps from A to N is t. Pπ(· → ·) is the probabil-
ity of expanding a partial trajectory into a complete trajec-
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tory under the policy π. With this distribution of nodes and
steps, Eq (6) can be transformed into a more straightforward
equation:

Q(T, a) =
∑
N ,t

Pπ(N , t|T, a)γtR(N ). (8)

This formulation provides the ground-truth Q-feature for
any state-action pair, enabling us to train our Q-model with-
out RL techniques.

The rollout policy π determines the characteristic of the
learned Q-function. A naive idea is to set it as a random pol-
icy that uniformly chooses a candidate as action. However,
such a design can lead to a lack of discrimination between
different candidates. In the graphs of navigation scenes,
there are often numerous loops, which means that for an un-
explored node N , multiple candidate actions from the cur-
rent node may potentially lead to it (i.e., T(T,A,N , t) is
non-empty for multiple candidate nodes A). As a result,
R(N ) will be accumulated into the Q-features of multiple
candidate actions, making them less informative. Put in an-
other way, random exploration is highly inconsistent with
the actual strategy adopted by a normal VLN model. To
handle this problem, we note that goal-oriented VLN aims
at finding the most efficient way to reach a target object.
The best trajectory for any instruction is always the shortest
path between two nodes. Based on this, we aim to incorpo-
rate a preference for the optimality of the future paths into
the policy. We achieve this by introducing a fourth con-
dition into the definition of the path set T(T,A,N , t) in
Equation (7): in each trajectory T̃, the segment from T[−1]
to T̃[−1] must be a shortest path. With this additional re-
quirement, it can be proven that for any partial trajectory T
and any node N , there exists at most one pair of (a, t) that
satisfies Pπ(N , t|T, a) > 0. This implies that the feature of
each possible future node is accumulated into the Q-feature
of a single action through a unique path. Figure 3 illus-
trates the sets of future nodes accumulated to different ac-
tion candidates, along with the corresponding rollout steps
t for each node. This policy design enables the learned Q-
features to comprehensively aggregate diverse future obser-
vations while reflecting differences in navigation efficiency
across actions, achieving a balance between coverage and
optimality.

To sum up, the data generation pipeline for training our
Q-model is: (i) sample a trajectory T of arbitrary length
in the scene; (ii) sample an action a at the last node of the
trajectory; (iii) use Eq (8) to compute the ground-truth Q-
feature as supervision.

3.3.2. Model and Training
The Q-model is designed as a Transformer. As shown in
Figure 3, the input consists of interleaved node features and
action features of the partial trajectory, followed by the fea-

tures of candidate actions at current location. Multiple can-
didates can be processed in a single forward pass as they
share the trajectory prefix. We use the set of view features,
{rti}, as the descriptor of each node, while the actions are
encoded by sin and cos values of the orientations. The out-
puts corresponding to the candidate tokens are used as pre-
dicted Q-features. MSE loss between the predictions and
the ground-truth is employed to train the network.

The key consideration in pre-training the Q-model is to
achieve generalizability. The model is expected to learn the
common patterns regarding room layouts and object place-
ments, rather than simply memorizing the details of the
training scenes. Using large-scale random trajectories for
training can solve this problem to some extent. Yet, due to
the limited number of training scenes, the model is still at
risk of overfitting. We further alleviate this issue through
the following designs.

(1) Text-based Prediction. The visual features of RGB
views inevitably carry some stylistic and texture informa-
tion, which is usually unrelated to the navigation task. The
Q-model trained on these features may establish some spu-
rious correlations, making it difficult to generalize to new
scenes. We propose to learn the Q-model in the latent text
space, i.e., the feature extractor R is designed to be the fea-
ture of the natural language description of a node. These
descriptions can be obtained by pre-processing the scenes
with an off-the-shelf image captioning model [60, 92]. By
predicting the abstracted text-based features of future obser-
vations, the Q-model can better focus on high-level seman-
tic relationships, thereby providing more reliable guidance
for the navigation task.

(2) Warm-up Pre-training. Self-supervised pre-
training is proven beneficial in many vision and language
tasks. Before performing regression on the Q-features, we
first carry out an MAE pre-training [35]. The input format is
the same as described above, with some randomly selected
tokens set to zero. An additional MLP is appended after the
Transformer to reconstruct the masked tokens. This train-
ing process provides a good initialization for the Q-training
and guides the model to fully analyze the information in the
trajectory history.

3.4. Future Encoder
With the Q-model at hand, we can generate Q-features for
the candidate actions at each navigation step, representing
the scenarios the agent may encounter after it takes the ac-
tion. The future encoder (FE) is responsible for transform-
ing the task-agnostic feature into goal-oriented information.
Formally, {

q̂ti
}|G̃t|
i=0

= FE(G̃t, w). (9)

G̃t is a graph with the same topology as Gt (Eq (1)), while
it is updated with the Q-features of the candidate nodes in-
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Table 1. The results on REVERIE. The best and second-best results are marked as bold and underline, respectively.

Val Unseen Test Unseen
OSR↑ SR↑ SPL↑ RGS↑ RGSPL↑ OSR↑ SR↑ SPL↑ RGS↑ RGSPL↑

HAMT [13] [NeurIPS21] 36.84 32.95 30.20 18.92 17.28 33.41 30.40 26.67 14.88 13.08
HOP [98] [CVPR22] 36.24 31.78 26.11 18.85 15.73 33.06 30.17 24.34 17.69 14.34
LANA [121] [CVPR23] 52.97 48.31 33.86 32.86 22.77 57.20 51.72 36.45 32.95 22.85
AZHP [28] [CVPR23] 53.65 48.31 36.63 34.00 25.79 55.31 51.57 35.85 32.25 22.44
KERM [64] [CVPR23] 55.21 50.44 35.38 34.51 24.45 57.58 52.43 39.21 32.39 23.64
BEV-Bert [2] [ICCV23] - 51.78 36.37 34.71 24.44 - 52.81 36.41 32.06 22.09
BSG [78] [ICCV23] 58.05 52.12 35.59 35.36 24.24 62.83 56.45 38.70 33.15 22.34
GridMM [124] [ICCV23] 58.48 51.37 36.47 34.57 24.56 59.55 53.13 36.60 34.87 23.45
FDA [36] [NeurIPS23] 51.41 47.57 35.90 32.06 24.31 53.54 49.62 36.45 30.34 22.08
GOAT [117] [CVPR24] - 53.37 36.70 38.43 26.09 - 57.72 40.53 38.32 26.70
VER [80] [CVPR24] 61.09 55.98 39.66 33.71 23.70 62.22 56.82 38.76 33.88 23.19
ENP [79] [NeurIPS24] 54.70 48.90 33.78 34.74 23.39 59.38 53.19 36.26 33.10 22.14
baseline [14] [CVPR22] 51.07 46.98 33.73 32.15 23.03 56.91 52.51 36.06 31.88 22.06
NavQ 60.47 53.22 38.89 36.84 27.12 60.39 53.29 39.50 34.82 25.16

(+9.40) (+6.24) (+5.16) (+4.69) (+4.09) (+3.48) (+0.78) (+3.44) (+2.94) (+3.10)
Methods with additional scenes
AutoVLN [15] [ECCV22] 62.14 55.89 40.85 36.58 26.76 62.30 55.17 38.88 32.23 22.68
Lily [74] [ICCV23] 53.71 48.11 34.43 32.15 23.43 60.51 54.32 37.34 32.02 21.94
ScaleVLN [123] [ICCV23] - 56.97 41.84 35.76 26.05 - 56.13 39.52 32.53 22.78
PanoGen [57] [NeurIPS23] - 51.18 34.99 33.26 22.99 - - - - -
NavQ (w.o. speaker annotation) 62.00 54.10 39.22 37.57 27.29 61.25 54.91 40.08 35.87 25.14

stead of the view features. FE is designed as a Graph Trans-
former that shares the same architecture as GE. The output

{q̂ti}
|G̃t|
i=0 is integrated into the fusion process described in

Eq (4).
Ideally, the GE branch is tasked with analyzing histori-

cal information, while the FE branch handles future infor-
mation. To ensure this decomposition and improve the per-
formance of each branch, we introduce some additional su-
pervisory signals. In previous works, progress monitor [82]
is a widely-used auxiliary task, which requires the model to
predict at each timestep the progress it has made towards
the destination. Here we adopt this idea and designs two
progress-related subtasks. For each node, on one hand, we
send GE’s node feature v̂ti to a lightweighted MLP to pre-
dict the traversed distance up to now. On the other hand,
we send FE’s output q̂ti to another MLP to predict the re-
maining distance to go. The ground-truth for them are de-
signed as:s1(A) = (dist(S, C) + dist(C,A))/D1, s2(A) =
dist(A,G)/D2, where S , C, and G are the starting, current,
and goal nodes, dist(·) is the shortest distance between two
nodes, D1 and D2 are normalizing constants. The combina-
tion of these two sub-tasks also reflects the idea of integrat-
ing the cost function with a goal-directed heuristic function
in the A* algorithm [33], allowing the future information
embedded in the Q-feature to be effectively utilized by the
navigation agent.

3.5. Training Scheme

The training process of NavQ is divided into three stages.
Stage 1: Q-model pre-training. As detailed in Sec-

tion 3.3, we first pre-train the Q-model on randomly sam-

pled trajectories in the training scenes. The Q-model will be
kept frozen and used as a feature extractor in the following
stages.

Stage 2: Agent pre-training. Pre-training on offline
instruction-trajectory pairs is proven effective by many re-
cent works [14, 31, 32, 41, 98]. We adopt the four pre-
training tasks implemented by DUET. Besides, to give di-
rect guidance to FE and GE, the two progress-related tasks
mentioned in Section 3.4 are also included. Details of these
tasks can be found in the supplementary material.

Stage 3: Agent finetuning. We still follow DUET to
finetune the agent on online data using DAgger [105] wth a
pseudo expert policy.

4. Experiments
4.1. Datasets and Metrics
Experiments are performed on two popular VLN bench-
marks, REVERIE [96] and SOON [143]. Both are goal-
oriented VLN datasets based on the MP3D simulator [3],
requiring the agent to navigate to a target object instance.
REVERIE includes a set of high-level instructions that
guide the agent toward the target object located 4 to 7 steps
away. SOON is a more challenging dataset with longer tar-
get descriptions and an average trajectory length of 9.5. We
evaluate the model on the official validation set and test set,
both consisting of previously unseen scenes during training.
The metrics include success rate (SR), oracle SR (OSR), SR
penalized by path length (SPL), remote grounding success
(RGS), RGS penalized by path length (RGSPL). Detailed
descriptions of the datasets and metrics can be found in the
supplementary material.
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Table 2. The results on SOON. The best and second-best results
are marked as bold and underline, respectively.

OSR SR SPL RGSPL
Val GBE [23] 28.54 19.52 13.34 1.16

Unseen GridMM [124] 53.39 37.46 24.81 3.91
KERM [64] 51.62 38.05 23.16 4.04
AZHP [28] 56.19 40.71 26.58 5.53
GOAT [117] 54.69 40.35 28.05 6.10
baseline [14] 50.91 36.28 22.58 3.75
NavQ (Ours) 58.79 39.09 26.65 5.51

(+7.88) (+2.81) (+4.07) (+1.76)
Test GBE [23] 21.45 12.90 9.23 0.45

Unseen GridMM [124] 48.02 36.27 21.25 4.15
GOAT [117] 50.63 40.50 25.18 6.10
baseline [14] 43.00 33.44 21.42 4.17
NavQ (Ours) 48.92 38.59 24.50 4.48

(+5.92) (+5.15) (+3.08) (+0.31)

4.2. Implementation Details

The Q-model is implemented as a 4-layer Transformer,
and the FE is a 4-layer Graph Transformer. The remain-
ing parts of the model follow the same architecture as
DUET [14]. The batch size, learning rate, and iterations
for the three training stages are set to 128/32/4, 1e-5/5e-
5/1e-5, 30k/100k/20k, respectively. CLIP-ViT/B is used as
the visual and textual feature extractors for its cross-modal
performance. The training can be conducted on a single
NVIDIA RTX 3090 GPU. More details are presented in the
supplementary material.

4.3. Main Results

Table 1 shows the performance comparison on REVERIE.
Our NavQ agent consistently outperforms the DUET [14]
baseline across all evaluation metrics, showing the effec-
tiveness of incorporating the future branch. Compared
to state-of-the-art models based on techniques such as
causal learning [117] and volumetric representation [80],
our model also demonstrates competitive performance, e.g.,
+3.4%/+2.0% RGSPL than VER on the validation/test set,
+2.2% SPL than GOAT on the validation set. One advan-
tage of our method is that the Q-model could benefit from
training on large-scale unlabeled scenes. To prove this, we
borrow scenes from the HM3D [102] and Gibson [128] sim-
ulator following [123], and obtain a total of 1,351 scenes
for Q-training. Note that we do not employ any speaker
model [25] to label the trajectories in the additional scenes,
and these scenes are only used in training stage 1. As illus-
trated in the lower part of Table 1, using additional scenes
further boosts NavQ’s navigation capability, reaching a per-
formance comparable or higher than the methods that utilize
additional annotated trajectories [15, 57, 74, 123].

Similarly, as in Table 2, our model also performs better
than the baseline for all metrics on SOON. Note that the
pre-trained Q-model is shared across REVERIE and SOON.
Thus, the results highlight the task-agnostic nature of the
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Figure 4. A comparison among different training techniques for
the Q-model. We plot the MSE loss on the val-unseen scenes dur-
ing the training process.

Table 3. Ablation study on the future branch. The results are ob-
tained on REVERIE’s unseen validation set.

QM FE OSR SR SPL RGS RGSPL
(1) % % 54.42 48.14 33.38 30.19 21.05
(2) % ! 54.84 48.20 33.92 32.52 23.14
(3) ! % 53.25 48.48 32.22 33.03 21.86
(4) ! w.o. loss 55.98 51.55 35.79 34.51 23.81
(5) ! w. loss 60.47 53.22 38.89 36.84 27.12
(6) GT % 60.18 54.36 41.71 37.03 28.59
(7) GT ! 65.38 59.27 47.04 39.68 31.62

learned Q-model, and demonstrate the generalizability of
our approach.

4.4. Ablation Studies
We conduct an ablational experiment on the role of the
Q-model (QM) and the future encoder (FE) in the future
branch. The compared architectures include: (1) A vari-
ant without the future branch, i.e., a reproduced version of
the baseline model. (2) A variant that utilizes FE but not
QM, where FE receives the same input as GE. (3) A vari-
ant that utilizes QM but not FE, where the output of QM
is concatenated with the view features {rti}

N
i=1 and fed into

GE (Eq(1-2)). (4) A model that utilizes both QM and FE,
but without supervision from the progress-related subtasks
during the second training stage. (5) The full NavQ model.

The results are shown in Table 3. We first notice that
our reproduced baseline has higher OSR/SR but lower
RGS/RGSPL than the reported performance of DUET,
which may be attributed to the use of different visual back-
bones. (We use CLIP-ViT/B to enhance the cross-modal ca-
pability of the Q-model, while DUET employs an ViT-B/16
pre-trained on ImageNet which is the same as the object
feature extractor.) Upon that, merely introducing FE pro-
vides only limited improvement, suggesting that leveraging
historical information alone may not be sufficient. On the
other hand, the improvement achieved by solely using the Q
model is minor too, indicating the significance of employ-
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DUET NavQ

Clean the ceiling vent in the lounge would you?Go to the living room and wipe down the end table next to the smaller couch.

NavQDUET

Figure 5. A qualitative comparison of our method and the baseline agent. In both examples, the NavQ agent performs the instruction
correctly while the baseline agent fails.

ing FE to extract task-relevant information from the rich fu-
ture context. The progress-related losses also contribute to
the overall performance, validating the benefits of applying
direct supervisions to decouple the history branch and the
future branch.

In addition, we experiment with replacing the outputs of
QM with the ground-truth (GT) Q-features, which serves as
an upper bound for our method. The GT Q-features are sent
to FE ((7) in Table 3) or concatenated with the view features
and sent to GE ((6) in Table 3). It can be observed that using
the GT Q-features significantly enhances performance, es-
pecially on the metrics related to navigation efficiency (e.g.,
+14% SPL and +11% RGSPL over the baseline). These re-
sults validate the design of the Q-feature (Eq (8)) and the
choice of the rollout policy π that incorporates a preference
for shortest paths. Also, the superiority of using FE remains
valid when high-quality Q-features are available.

To take a closer look at the training process of the Q-
model, we plot the curve of validation loss on the scenes
in the val-unseen set. As shown in Figure 4, training the
Q-model with randomly sampled paths achieves better gen-
eralization than training solely with annotated paths, due to
the vast difference in the number of training samples. This
observation is a key factor motivating us to design a Q-
learning paradigm without instruction annotations. Mean-
while, introducing additional training scenes and adding the
MAE pre-training for Q-model also show positive influence
on the quality of Q-features, which in turn leads to better
navigation performance as in Table 1.

Besides, we also conduct an analysis on the decay ratio
γ, which is a key hyper-parameter in the design of Q-model.
When γ = 0, the Q-model is reduced to only predicting the
observation of the immediate next step, like a world model
or a novel view synthesis model. As γ grows larger, the
ground-truth Q-features will encompass richer future infor-
mation. At the same time, the training of the Q-model will
become more challenging, and the discrepancy between the
predicted Q-feature and the ground-truth will increase. We
choose γ = 0.5 as a default setting, which makes a bal-
ance between the feature quality and the training difficulty.

Table 4. Analysis on the effect of the decay ratio for Q-features.
The results are obtained on REVERIE’s unseen validation set.

γ OSR SR SPL RGS RGSPL
0 56.66 51.12 37.42 34.42 25.16

0.3 59.73 51.95 38.90 35.13 26.61
0.5 60.47 53.22 38.89 36.84 27.12
0.7 57.06 50.89 36.15 33.48 23.85

As shown in Table 4, it achieves higher overall navigation
performance than using other values for γ. In particular, it
clearly outperforms the γ = 0 variant which only recon-
structs the feature of neighboring nodes, demonstrating the
essential role of long-term future information.

4.5. Qualitative Results

In Figure 5, we visualize the trajectories predicted by the
model on top-down floor maps. Thanks to the informative
Q-features, our method can find the correct direction to ex-
plore when the items mentioned in the instruction are not
yet observed. Therefore, compared to the baseline, NavQ
demonstrates a higher likelihood of reaching the correct
destination and exhibits greater navigation efficiency.

5. Conclusion

In this work, we propose a foresighted agent for goal-
oriented VLN that efficiently integrates future-relevant in-
formation into a baseline model. A novel Q-model is devel-
oped to represent the future outcomes of a given action in
the form of aggregated features. Based on scenes without
instruction annotation, we design a self-supervised training
paradigm using random trajectories and put forward a se-
ries of techniques for collecting training data and enhancing
model generalization. Furthermore, we propose a future en-
coder that leverages instructions to transform the Q-features
into assessments of candidate actions’ anticipated future
prospects, complementing the decision-making process that
relies solely on historical information. In future work, we
plan to further optimize the design of the Q-model, and ex-
plore extending the proposed approach to continuous envi-
ronments.
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