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Abstract

Object navigation tasks require an agent to locate a
target object using visual observations in unseen envi-
ronments, where unfamiliar layouts and novel object ap-
pearances can hinder navigation. Most existing methods
lack the adaptability needed to handle these uncertain-
ties, as their navigation models remain fixed during test-
ing. In this paper, we address this challenge by examining
object-conditioned trajectory distribution shifts in naviga-
tion caused by changes in environmental dynamics. We pro-
pose learning a central conditional distribution as a prior
that approximates the specific distributions of diverse envi-
ronments. To retain environment-specific information dur-
ing navigation, we allow each environment-specific distri-
bution to approximate this central distribution rather than
relying on it directly. To implement this, we introduce a
meta-learning mechanism that integrates with traditional
navigation methods, offering tailored solutions for various
types of navigation approaches. Our approach, Learning
on the Go (LOG), enables agents to learn on the go, al-
lowing for flexible, adaptive, real-time learning during nav-
igation. Our theoretical analysis highlights the benefits of
learning a central distribution for effective generalization
across environments, and empirical results confirm the pro-
posed method’s effectiveness, demonstrating superior per-
formance compared to existing approaches.

1. Introduction
The object navigation problem [11, 12, 61, 65] requires
an agent to navigate towards an instance of an object cat-
egory (e.g., a sink) using first-person visual observations.
A fundamental challenge in navigation lies in the ability
to generalize to unseen environments, which often intro-
duce system uncertainties such as unfamiliar layouts and
objects with novel appearances. These uncertainties make
it difficult to navigate effectively to the target during test.
However, most current navigation methods exhibit limited

flexibility and adaptability when faced with this challenge,
as their navigation models tend to specialize in training
environments and remain fixed at the test stage, resulting
in a lack of degrees of freedom that can be relearned to
adapt to changes under uncertainty [4, 24]. The limitation
of poor adaptability is evident in both mainstream modu-
lar approaches [7, 27, 42, 62, 68, 73] and end-to-end tech-
niques [12, 14, 22, 31, 38, 43, 44, 54, 65, 74] for navigation.
Unlike these methods, human learners exhibit the ability to
flexibly adapt to dynamic environments—a capability that
is crucial for developing visually intelligent agents [31, 54].
Currently, several zero-shot approaches [6, 30, 64, 70, 71]
based on the generalization capability of large language
models (LLMs). However, these methods highly depend
on pre-trained knowledge bases, have complex input condi-
tions, and lack the flexibility of human adaptability. To bet-
ter simulate humans’ dynamic adaptability, some research
in visual recognition and detection tasks has been investi-
gated from the perspective of meta-learning [15, 20, 21].
However, there is still a lack of systematic research on nav-
igation, which is a more complex and real-time task.

Towards better dynamic adaptability, we propose a plug-
gable meta-learning mechanism that enhances the gener-
alization capabilities of traditional navigation models by
enabling efficient ”learning on the go.” Our approach fo-
cuses on analyzing object-conditioned trajectory distribu-
tion shifts caused by environmental changes, which is illus-
trated in Fig. 1. As the environments vary, the trajectories
for locating the sink also appear different. To achieve effec-
tive generalization in new environments, a model must go
beyond simply replicating training distributions and instead
be capable of generalizing to related but distinct distribu-
tions. Ideally, prior learning provides a strong foundation
for rapid adaptation, ensuring effective transfer to new en-
vironments. However, successful transfer of prior knowl-
edge to unknown distributions requires certain assumptions
to hold true [2, 3, 39]. In our scenario, the observation tra-
jectories of agents across different environments may ap-
pear significantly distinct, yet they exhibit common patterns
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Figure 1. Learning a prior for trajectory distributions to generalize
across environments via adaptation-time alignment.

in their overall navigation logic. By capturing these shared
patterns, we aim to leverage the learned experience for ef-
fective adaptation to new environments. Consequently, we
assume that the object-conditioned trajectory distributions
across environments are sufficiently close to a central con-
ditional distribution, which we learn through meta-learning.

How can this prior assumed be exploited and imple-
mented? With the correct prior, the central distribution, and
based on the assumption that the specific conditional dis-
tribution of a new environment is very close to the prior,
the effective search space during the adaptation process is
significantly reduced. This allows for rapid adaptation with
only a few updates and a small amount of data. In terms
of implementation, exact inference of the prior p(τ |o) is in-
tractable, so first we redefine the meta-learning objective
by employing a variational approximation method to infer
it through maximizing a variational lower bound associated

with p(o|τ) and p(τ). Here p(o|τ) represents the target dis-
tribution conditioned on the trajectory variable, while p(τ)
denotes the prior distribution of τ . At this time, the prior
learned actually consists of two components: p(o|τ) repre-
sented by a decoder meta-learned across all environments,
and p(τ) evaluated from trajectories sampled by an initial
model that also requires to be meta-learned. During inner-
layer optimization, we train an environment-specific model
to approximate the environment-specific distribution to the
central distribution, providing rewards or losses based on
integrated navigation method types. We apply tailored opti-
mization objectives for the outer-layer stage. Through this
optimization mechanism, we ultimately learn a central con-
ditional distribution that facilitates adaptation to unknown
environments.

Our contributions are summarized as follows: (1) We en-
able agents to learn on the go, facilitating generalization
by maintaining behavioral consistency, thus extending the
agent’s capability beyond traditional navigation limits. (2)
Theoretically, we build on the generalization framework of
learning invariant representations [3] and analyze the bene-
fits of learning a central target-conditioned latent behavior
variable distribution. (3) Empirically, our method demon-
strates superior performance in our experimental setup, val-
idating its effectiveness.

2. Related works
Object-goal navigation. Previous works addressing the
object-goal navigation problem can be divided into two
main categories. The first category, end-to-end meth-
ods [10, 12, 14, 31–34, 38, 59, 60, 65, 67, 69, 74], employs
a single unified network that takes the current observation
and object goal as inputs and outputs the action to be per-
formed, following either the reinforcement learning (RL) or
imitation learning (IL) paradigm. The second category is
modular approaches [7, 8, 27, 42, 62, 68, 73], which con-
struct a top-down semantic map and perform target posi-
tion prediction and navigation action execution sequentially.
Both categories rely on pre-trained and fixed models to per-
form navigation during inference. However, we argue that
this approach lacks adaptability in novel environments. Fur-
thermore, it does not leverage the agent’s ability to collect
environment-relevant, unsupervised data—such as trajec-
tories comprising sequences of state-action pairs—through
interaction with the environment during navigation. This in-
teraction data supports learning while navigating, which can
enhance adaptability to new environments. In the context of
object-goal navigation, SAVN [54] addresses this adaptabil-
ity challenge by meta-learning a self-supervised loss func-
tion that aligns with the navigation loss. This method en-
courages gradient updates that improve adaptation by uti-
lizing trajectory data and the loss function with SGD dur-
ing test. We share the perspective that ”learning to learn”
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is a critical skill for visually intelligent agents, particularly
given the natural advantage of accessible interaction data
compared to third-party data. However, the current design
lacks a deeper understanding of the relationships between
environments, object goals, and trajectories.

Meta Learning. Meta-learning [19, 29, 50], or ”learning
to learn,” is a machine learning approach focused on en-
abling models to adapt quickly to new tasks by generalizing
across various experiences. Unlike traditional methods op-
timized for specific tasks, meta-learning trains models to
apply knowledge from one task to another, even with lim-
ited data. This involves two main stages: meta-training,
where generalized patterns are learned across tasks, and
meta-test, where models adapt quickly to novel tasks. Key
approaches in meta-learning include metric-based meth-
ods [25, 48, 49, 51], which focuses on learning a simi-
larity metric between data points, often using neural net-
works such as Siamese networks or prototypical networks.
It allows models to classify new instances by comparing
them to known examples, effectively enabling ”few-shot
learning.”; model-based methods [18, 36], which enhance
a model’s capacity for rapid learning through mechanisms
like memory-augmented neural networks [35] or Meta Net-
works [47]. These models leverage an external memory
component to store representations and use them for fast
adaptation, making them suitable for sequential and re-
inforcement learning tasks; and optimization-based meth-
ods [37, 40, 45, 46, 56, 72], which modify the optimiza-
tion process to enable quick adaptation with minimal up-
dates. Model-Agnostic Meta-Learning (MAML) [15], for
example, finds an optimal initialization of model parame-
ters that facilitates rapid adaptation across tasks, while Rep-
tile [37] uses gradient-based steps to achieve similar flexi-
bility with lower computational cost. Meta-learning appli-
cations are vast, spanning AutoML for automating model
selection, few-shot learning for image recognition [41],
recommendation systems [52], transfer learning [28], em-
bodied AI [17, 36, 54, 66]. Ongoing research aims to
enhance these models’ efficiency and flexibility, making
meta-learning a promising path for adaptive AI applica-
tions. Our method is based on an optimization-based meta-
learning approach to learn a central conditional distribution
for adapting to unknown environments.

3. Proposed method
3.1. Task and Notation Definition
In the object navigation problem, an agent is assigned the
task of navigating to an object given its category label (e.g.,
bed) within an unfamiliar environment. At the beginning
of each episode, the agent is positioned at a random, nav-
igable point in the environment. At each time step t, the

agent receives observation consisting of RGB-D sensor in-
put st, odometer readings, and the goal category o. Based
on the observation, the agent selects an action at from
MOVE FORWARD, TURN LEFT, TURN RIGHT, and STOP.
Within the episode, the agent can collect historical trajecto-
ries in the form τot = (s0, ..., st−1, st) at each t. To success-
fully complete the task, the agent must navigate to within
1.0 meter of the target object and execute the STOP action.
The episode ends either when the agent performs the STOP
action or when the time budget T of 500 steps is exceeded.

3.2. Meta-problem for object navigation
As previously mentioned, frozen navigation policies during
the test phase struggle to generalize to unknown environ-
ments. In this section, we explore learning adaptive poli-
cies from historical trajectories. To address this, we propose
meta-learning a prior, specifically, the central trajectory dis-
tribution, to guide policy adaptation in new environments.
To this end, we introduce LOG, a meta-learning framework
that enables the agent to learn dynamically while navigat-
ing, thereby enhancing its adaptability to novel scenarios.

Meta-problem formulation of LOG. Given a target
space O and an environment space E , where o ∈ O repre-
sents a navigation target and τ denotes a trajectory collected
based on o and E , our goal is to learn a robust prior hy-
pothesis, specifically, a central target-conditioned trajectory
distribution pθ(τ |o) parameterized by meta-parameters θ.
This prior serves as a foundation for a class of environment-
specific target-conditioned trajectory distributions pθi(τ |o),
parameterized by environment-specific parameters θ, facil-
itating efficient and adaptive learning in new environments.
When encountering a new environment, the environment-
specific model is refined by aligning its distribution pθi(τ |o)
with the prior pθ(τ |o) as Eq. (1).

min
pθi

(τ |o)
DKL (pθi(τ |o) ∥ pθ(τ |o)) . (1)

To learn the prior pθ(τ |o) for the distribution alignment
described above, we consider a meta-navigation task distri-
bution T , where each sampled task Ti ∈ T corresponds to
a navigation episode for a specific target and environment.
Based on this, we formulate the problem as a meta-learning
task

min
pθ(τ |o)

ETi∼T [Lnav(o, τ)], where τ ∼ pθ∗
i
(τ |o), and

pθ∗
i
(τ |o) = arg min

pθi
(τ |o)

DKL (pθi(τ |o) ∥ pθ(τ |o)) ,
(2)

in which Lnav represents the empirical performance in the
navigation task, with its precise definition varying across
different navigation methods. A detailed explanation will
be provided in the optimization solution section. Eq. (2)
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Figure 2. The overall framework of LOG: the inner-level optimization obtains the environment-specific parameters through Eq. (6) and
Eq. (8), while the outer-level optimization learns the meta-parameters through Eq. (7) and Eq. (9).

encompasses two levels of learning. At the inner level
(intra-task learning), it aims to find the current environment-
specific conditional distribution pθi(τ |o) for a given task
Ti, which is centered around the prior hypothesis pθ(τ |o).
At the outer level (inter-task learning), the model leverages
the performance of the biased optimal pθi(τ |o) to refine
pθ(τ |o), ensuring that it maintains a small average distance
to all true optimal {pθ∗

i
(τ |o)}i. By sufficiently optimizing

both the inner and outer objectives, the estimated prior, the
estimated pθ(τ |o) is be expected to be close to the optimal
pθi(τ |o) for any task Ti sampled from T and thus can serve
as a reliable prior hypothesis for a novel navigation task via
Eq. (1).

Meta-Optimization of LOG. Exact inference of pθ(τ |o)
is intractable. To simplify the problem, we first employ the
Evidence Lower Bound [16, 23] to reformulate our distri-
bution alignment objective Eq. (1) as follows (the proof is
provided in appendix):

max
pθi

(τ |o)
Epθi

(τ |o) [log pθi(o|τ)]−DKL (pθi(τ |o) ∥ pθ(τ)) .

(3)
Notably, the prior hypothesis we aim to learn consists

of the trajectory-conditioned distribution pθ(o|τ) and the
prior distribution pθ(τ) of τ now. For practical implemen-
tation, we perform trajectory sampling from pθi(τ |o) us-
ing the following process: in the current environment of
task Ti, the target object o is fed into a traditional naviga-
tion model f such as an end-to-end reinforcement learning
(RL) approach or modular methods, to collect trajectories
{τot = (s0, s1, ..., st−1, st)}t. We model pθ(o|τ) using a
probabilistic decoder, which is parametrized as a Gaussian
centered around a deterministic encoding gθ(τ) with vari-
ance ρ2I , where gθ takes τ as input and outputs a vector

representation of the target o. Additionally, we introduce a
meta-initialization function fθ and assume that the trajecto-
ries τ generated by fθ follow the prior distribution pθ(τ).

At this stage, the first term of Eq. (3) approximately
equals − log pθ(o|τ) ( as proved in the appendix). For the
second term DKL (pθi(τ |o) ∥ pθ(τ)), we approximate its
implementation by initializing fθi as fθ and ensuring that
fθi remains close to fθ by updating it through a few gradient
steps. Then given N tasks sampled from T , we derive our
empirical meta-optimization objective as transformation of
Eq. (2), formulated as follows.

min
fθ,gθ

1

N

N∑
m=1

Lnav(o, τ), where τ ∼ f∗
θi ,

f∗
θi = argmax

fθi

log pθ(o|τ), τ ∼ fθi ,

(4)

where fθ serves as the initialization of fθi . To facilitate the
practical optimization of fθ during the agent’s execution,
we expand log pθ(o|τ) using a telescoping series:

log pθ(o|τ) =
T∑

t=1

log
pθ(o|τ:t = [st; τ:t−1])

pθ(o|τ:t−1)

∝
T∑

t=1

∥o− gθ(τ:t)∥22 − ∥o− gθ(τ:t−1)∥22 ,

(5)

where T is the number of time steps in the trajectory τ , and
τ:t−1 = (s0, s1, ..., st−1).

The specific implementation across different ap-
proaches. Next, we present the specific inner and outer
level optimization solutions integrating meta-objective
Eq. (4) with traditional navigation approaches, including
both end-to-end RL methods and modular methods.
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For end-to-end RL methods, such as DAT [12], f repre-
sents a RL model. At the inner level, we train fθi of Eq. (4)
using the reward function rt(at, st, τt−1) (see appendix) de-
fined in Eq. (6) from the series Eq. (5). Intuitively, this re-
ward reflects the idea that, given the cumulative trajectory
up to the previous step, taking an action based on the cur-
rent observation should make the cumulative trajectory at
the current step more relevant to the target to be sought.

rt(at, st, τt−1)

∝ ∥o− gθ(τ:t)∥22 − ∥o− gθ(τ:t−1)∥22 − λ1,
(6)

where λ1 is a tunable parameter.
For the outer-level optimization, the meta-model fθ is

updated using Lnav(o, τ) as formulated in Eq. (7) (proved
in the appendix), under the assumption of approximate op-
timality at the inner level. In this formulation, la3c(o, τ)
represents the navigation loss, which aims to maximize the
rewards provided by the simulator in the A3C algorithm,
conditioned on f∗

θi
learned in the inner stage. Addition-

ally, we optimize gθ using the environment-specific target-
conditioned trajectory distribution pθ∗

i
(o|τ), which is con-

sidered as another component ofLnav(o, τ) as shown below:

min
fθ,gθ

1

N

N∑
i=1

Lnav(o, τ), where τ ∼ f∗
θi , and

Lnav(o, τ) = la3c(o, τ) + I[τ ] · α1 ∥o− gθ(τ)∥22 ,

(7)

where α1 is a tunable parameter, and I[τ ] is a 1/-1 indicator
function, which takes a value of 1 if τ is a trajectory where
the target is successfully found, and -1 otherwise.

For modular methods, such as PEANUT [62], f serves
as a prediction network designed to estimate the locations of
targets from incomplete semantic maps. In the inner stage,
adaptively adjusting the prediction network based on Eq. (5)
enables more precise long-term goals updates on the go.
Every M times the network updates the long-term goal by
outputting probability map zi, we update the prediction net-
work. The netwok is penalized according to Eq. (8) based
on the historical trajectory since the last network update.

lprediction = λ2

M∑
i=1

k∑
j=1

C ∥zj − zi∥22 , (8)

where λ2 is a tunable parameter, k is the step inter-
val for long-term goal updates, C = ∥o− gθ(τ:i∗k)∥22 −∥∥o− gθ(τ:(i−1)∗k)

∥∥2
2
, and zk represents the prediction out-

put based on the k-step historical semantic maps since the i-
th long-term goal update after the previous network update,
while zi denotes the corresponding i-th prediction output.
The loss penalty here encourages the network to explore al-
ternative locations with similarly high probabilities.

At the outer level, we optimize the meta-model via
Eq. (9). Since the prediction network of PEANUT inde-
pendently learned the optimal solution through supervised
training, we initialize it with pre-trained parameters follow-
ing fine-tuning it, and apply meta-learning specifically to
the decoder gθ (details are provided in the appendix).

max
fθ,gθ

1

N

N∑
i=1

Lnav(o, τ), where τ ∼ f∗
θi , and

Lnav(o, τ) = I[τ ] · [α2

T∑
i=t

∥zi − zT ∥22 + α3 ∥o− gθ(τ)∥22],

(9)

where α2 and α3 are tunable parameters, zt is generated by
the semantic maps after the inner-loop update of the net-
work, and zT represents the last long-term goal prediction
map in each episode. Additionally, I[τ ] has the same mean-
ing as in Equation Eq. (7).

Algorithm 1: The meta-training process on LOG
Input: Task distribution T , the initialization of

fθ, gθ, inner-level update step numbers J ,
trajectory step interval K, i, j = 0

Output: the meta-trained fθ, gθ
while i < N do

Sample N tasks randomly {Ti|i = 0, ..., N − 1}
from T

Let fθi = fθ
// The inner-level optimization

Eq. (3)
while j < J do

Roll out each initial model fθi using the
target o of Ti as input, generating
trajectories
{τot = (s0, s1, ..., st)|t = 1, ...,K}

if The ”done” is true then
break

end
Compute the inner-level reward or loss using
Eq. (6) or Eq. (8) to update each θi
j ← j + 1

end
if The ”done” is false then

Roll out each updated model f∗
θi

end
Update fθ, gθ through Eq. (7) and Eq. (9).
i← i+ 1

end

Overall, the overall framework of our method, LOG,
is illustrated in Fig. 2, and the meta-training process is
detailed in Algorithm 1. During meta-test, environment-
specific models are learned by aligning via aligning
pθi(τ |o) with the prior hypothesis pθ(τ |o), following a pro-
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cess similar to the inner-level optimization in Algorithm 1.

3.3. Benefits of learning the central distribution
across diverse environments

We borrow the idea of analyzing the generalization bounds
for domain generalization problems of supervised learning,
and analyze our method to make the generalization upper
bound for unknown environments tighter.

For the same navigation target, trajectory data from dif-
ferent environments do not conform to the i.i.d. assumption
because of the sequence correlation and diversity of envi-
ronment dynamics, so we assume that there exists a central
conditional distribution that is close to diverse environment-
specific conditional distribution. We therefore learn fθ and
gθ in the meta-learning paradigm to align distributions of
data from different dynamics in the final view. So we
proceed to illustrate the benefits or motivation of learning
a identical conditional distribution for navigation tasks in
an unknown environment by using the distribution-adaptive
generalization theoretical framework on domain alignment
proposed by [3]. Now we give the generalization bound for
unknown environments.

Proposition 1 Assume that Γ is a navigation trajectory
space for target o andH is a class of hypotheses of (fθ, gθ)
with respect to τ over this space. Let the set {Si}ki=1

be trajectory distributions over Γ from k known environ-
ments, and T be trajectory distribution over Γ from un-
known environment. Let O = ∩iBρ(Si), where Bρ(S) =
{P|dH∆H(S,P)} and ρ = maxSu,Sv dH∆H(Su,Sv). For
any h ∈ H (see appendix for proof):

ET (h) ≤ λϕ +
∑
i

αiES(h) +
1

2
min
Q∈O

dH∆H(Q, T )

+
1

2
min
Si,Sj

dH∆H(Si,Sj).
(10)

We proceed to show our method reduces the last
two items to some extent by learning a central target-
conditioned trajectory distribution. The first term is a con-
vex combination of ideal-joint errors between each train-
ing environment and the unknown environment. The term
is small, and does not depend on particular h. The second
term

∑
i αiES(h) is a convex combination of generalization

errors the training environments. Empirical risk minimiza-
tion of Qm in our method is used to control this term. In
the third and final terms, dH∆H is a discrepancy distance
between two distributions defined by [3, 9]:

dH∆H(Su,Sv)
= 2 sup

h1,h2∈H
|Pτ∼Su

[h1(τ) ̸= h2(τ)]− Pτ∼Sv
[h1(τ) ̸= h2(τ)]|

≤ 2 sup
h∈H
|Pτ∼Su

[h(τ) = e]− Pτ∼Sv
[h(τ) = e]| ,

(11)

where e is a shared embedding as a constant. Our
meta-objective Eq. (2) can reduce the divergence of
two training enviroments by aligning the dirtributions
related to τ indirectly. The training of (fθ, gθ)
changes the representation space to reduce the third term
1
2 minQ∈O dH∆H(Q,T) which demonstrates the diver-
gences of the unknown environment and diverse training en-
vironments, and changes dynamically throughout the train-
ing process by dH∆H(Su,Sv), and also changes the final
term 1

2 minSi,Sj dH∆H(Si,Sj), finally leading to the better
approximation of ET (h).

From this, we can conclude that this method indi-
rectly aligns trajectory-related distributions using the meta-
learning objective, reducing various error terms in the gen-
eralization bound by adjusting the representation space. Ul-
timately, it achieves a better approximation of the general-
ization error ET (h) in unknown environments, demonstrat-
ing that learning and aligning a central distribution can ef-
fectively improve the model’s generalization ability across
diverse environments.

4. Experiments
4.1. Datasets and baselines
The evaluation of our meta-learning mechanism integrated
with end-to-end RL methods is executed on iTHOR [26]
within the AI2-THOR platform. For modular methods, we
evaluate the meta-learning mechanism on the HM3D [58],
MP3D [5] and Gibson [55] datasets.

The previous methods DAT [12] and PEANUT [62] have
each demonstrated superior performance on their respective
simulators. We consider them as the methods we intend to
integrate with our meta-learning mechanism.

4.2. Evaluation setup and metrics
Our experimental evaluation includes cross-environment
generalization evaluation following the traditional evalua-
tion setup of previous works [11, 12, 27, 65] for object nav-
igation task, cross-simulator generalization evaluation and
adaptivity evaluation for one specific environment, which
we describe in detail in the appendix.

We use the following metrics for evaluating our models
in the object navigation experiments. (1) Succ.: the success
rate. (2) SPL: the success weighted by path length [1].

4.3. Empirical analysis of performance gains
Comparison on cross-environment evaluation: Tab. 1
displays the results of our method in unseen iTHOR envi-
ronments. The last two rows highlight the performance of
combining the baseline DAT approach with different meta-
learning mechanisms. As mentioned previously in Sec. 2,
SAVN is a meta-learning technique for object navigation,
achieved through a self-supervised loss. Our method, LOG,
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Figure 3. Example navigation episodes from HM3D (val) using PEANUT INITIAL (Initial policy of LOG) and PEANUT+LOG (Adaptive
policy of LOG). The agent’s selected long-term goal is marked by an orange dot on the semantic maps. In PEANUT+LOG, the prediction
model is updated every 20 steps. Notably, at t=40, PEANUT+LOG selects an alternative high-probability location based on the preceding
few-step trajectories.

Table 1. Cross-environment evaluation on iTHOR.

ALL(%) L ≥ 5(%)

Method Succ.↑ SPL↑ Succ.↑ SPL↑
HOZ [65] 68.53 37.50 60.27 36.61
SSCNAV [27] 77.14 35.09 71.73 34.33
PONI [42] 78.58 37.27 72.92 36.40
DAT [12] 82.02 46.54 75.67 45.37
DAT+SAVN[54] 79.67 45.66 74.32 46.12
DAT INITIAL 78.54 44.12 73.62 45.90
DAT SUPERVISED 79.32 45.17 74.60 46.27
DAT+LOG(OURS) 84.02 46.95 77.52 47.68

surpasses the SAVN-based mechanism by addressing envi-
ronmental generalization from a more insightful trajectory-
level perspective. Overall, our approach exhibits superior
performance. Likewise, Tab. 2 presents our method’s results
on the HM3D and MP3D datasets, which demonstrates that

PEANUT+LOG, achieves the highest performance across
both datasets, indicating the effectiveness of LOG.

Table 2. Cross-environment evaluation on HM3D (test-standard)
and MP3D (val).

HM3D MP3D

Method Succ. ↑ SPL ↑ Succ. ↑ SPL ↑
DD-PXPO [53] 26.0 12.0 8.0 1.8
PROCTHOR [13] 54.0 32.0 - -
HABITAT-WEB [43] 55.0 22.0 35.4 10.2
OVRL [57] 60.0 27.0 28.6 7.4
3D-AWARE [63] - - 34.0 14.6
PEANUT [62] 62.6 32.5 39.4 15.0
SGM [68] - - 37.7 14.7
PEANUT INITIAL 60.2 31.7 37.5 14.8
PEANUT SUPERVISED 61.3 32.1 38.2 14.5
PEANUT+LOG(OURS) 64.3 34.2 40.3 15.4

Comparison on cross-simulator evaluation: As shown
in Tab. 3, we evaluated our method in a cross-simulator
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setting, using MP3D as the training simulator and Gib-
son as the test simulator. with PEANUT as the baseline
method. The results demonstrate that incorporating our
meta-learning mechanism, LOG, into the navigation model
training significantly improves performance, even in envi-
ronments with greater variation. This enhancement in gen-
eralization across diverse simulators further validates the ef-
fectiveness of our approach.

Table 3. Cross-simulator evaluation on MP3D and Gibson.

Simulator ALL(%)

Method Training Testing Succ.↑ SPL↑
PEANUT [62] MP3D Gibson 48.7 30.2
PEANUT+LOG(OURS) MP3D Gibson 63.9 37.1

Comparison on adaptivity evaluation for one specific
environment: Tab. 4 shows the adaptivity evaluation of
two models within one specific environment on the iTHOR
platform. This experiment setup reflects a realistic sce-
nario in which an agent is required to perform multiple
navigation tasks within the same unfamiliar environment,
assessing the adaptability of the model once it has been
environment-specifically adapted. DAT+LOG consistently
outperforms the baseline DAT method in an environment-
specific setting. These findings validate the effectiveness of
the proposed method in improving adaptability in a realis-
tic, single-environment scenario.

Table 4. Adaptivity evaluation for one specific environment on
iTHOR.

ALL(%) L ≥ 5(%)

Method Succ.↑ SPL↑ Succ.↑ SPL↑
DAT [12] 83.59 47.94 78.20 48.71
DAT+LOG(OURS) 86.43 49.72 82.46 50.60

Figure 4. Ablation study on the number of inner-loop updates.

4.4. Ablations studies.
We analyze three major determinants of our model: (a)
the performance difference before and after adaptation to
the central distribution, (b) the effect of our meta-learning

mechanism, and (c) the impact of the number of gradient
update steps in the inner level.

For (a), we introduce two baseline models:
DAT INITIAL and PEANUT INITIAL, which represent
the initialization of fθ obtained through our meta-training
process Algorithm 1. We compare the average performance
of these initial models with their adapted counterparts,
DAT+LOG and PEANUT+LOG, on cross-environment
evaluation. The results, presented in Tab. 1 and Tab. 2,
demonstrate that the adaptive models navigate more
effectively in specific environments. For (b), we evaluate
the impact of the meta-learning framework by constructing
DAT SUPERVISED and PEANUT SUPERVISED, where
fθ and gθ are trained via supervised learning, and then fθ is
finetuned to get fθi using the same inner level optimization
as our model LOG during meta-test. The corresponding
results in Tab. 1 and Tab. 2 highlight the effectiveness
of our meta-learning mechanism. For (c), we examine
the influence of the number of gradient update steps in
inner-level optimization, as shown in Fig. 4. The results
indicate that within certain limits, increasing the number
of gradient updates improves performance. However,
excessive update steps lead to a decline in both accuracy
and efficiency, emphasizing the importance of determining
an optimal number of interaction gradient updates.

4.5. Qualitative results
As shown in the Fig. 3, we visualize the results of
PEANUT INITIAL and PEANUT+LOG, and observe that
when searching for a bed, PEANUT+LOG has make adap-
tive adjustments upon encountering bathroom-related ob-
jects in the trajectory. This allows the agent to navigate to
the bed more efficiently and accurately.

5. Conclusions
This paper addresses object navigation in unfamiliar en-
vironments by proposing LOG, a meta-learning frame-
work that manages object-conditioned trajectory shifts via
a learned central conditional distribution. LOG enhances
generalization while preserving environment-specific de-
tails and integrates with traditional navigation methods for
adaptive, real-time learning. Our test framework confirms
LOG’s superior performance, supported by theoretical anal-
ysis highlighting the benefits of a central distribution for
improved generalization in object navigation.
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