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Abstract

We introduce a novel framework designed to effectively ad-
dress the object goal navigation task, specifically focusing on
smaller daily household objects such as bowls or mugs. These
diminutive objects present challenges to existing SLAM-
based semantic mapping methods, because the object detec-
tion module employed in the mapping pipeline struggles to
accurately detect them. To address this limitation, we pro-
pose to use a probabilistic semantic map. It is updated by a
trained mapping module that incorporates contextual infor-
mation to estimate the likelihood of object presence within
the agent’s current field of view. Subsequently, this proba-
bilistic map guides the agent towards more promising areas
for object search. Our experimental results demonstrate that
the proposed method outperforms a strong baseline by 26%
in Small Object Navigation tasks.

Introduction

Efficient navigation and object search in unfamiliar environ-
ments are crucial objectives for the development of intelli-
gent service robots. State-of-the-art methods for addressing
this challenge commonly employ SLAM-like pipelines, in
which a semantic map is constructed and updated as the
agent explores the surroundings. To update the semantic
map, the agent first constructs a 3D point cloud from the
RGBD observation, where each point is labeled by a pre-
trained object detection module such as MaskRCNN (He
et al. 2017). The point cloud is subsequently projected onto
a 2D top-down map by pooling along the height axis. Based
on the current semantic map, a high-level policy, either an-
alytic or learned, is responsible for selecting the next tar-
get location. Simultaneously, a low-level policy governs the
agent’s actions towards achieving the high-level objectives
(Chaplot et al. 2020a,b; Blukis et al. 2022; Ramakrishnan
et al. 2022).

However, the success of this process heavily depends on
the accurate detection of object classes by the pre-trained ob-
ject detection module. If the object detection fails to identify
the object, the entire process can fail. Searching for small
objects presents a particular challenge due to the presence
of noisy sensors and limited resolution, which can hinder
the object detection module’s ability to accurately detect or
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Figure 1: This work explores using such contextual informa-
tion during object goal navigation. Humans can effectively
use context information for object recognition. For example,
a small elongated object is more likely a pen if it is on an
office desk. Alternatively, if it was on a kitchen table, it is
more likely a utensil, e.g., a pair of chopsticks.

recognize the object. Consequently, prior approaches have
been observed to perform inadequately on smaller objects as
demonstrated in our experiment and other prior works (Min
et al. 2021).

In contrast, humans and animals have demonstrated re-
markable proficiency in detecting objects even with limited
visual cues. We typically utilize contextual information to
aid the detection of a small object: the elongated object is
more likely to be a pen if it is on a study desk, or a chop-
stick if it is on a dining table (Figure 1). Prior studies in
the field of neuroscience (Park et al. 2011; Bar 2004) high-
light the importance of incorporating contextual information
in the design of algorithms for object recognition and detec-
tion, especially in cases where the objects in question are
small and difficult to detect. This idea has previously been
explored in the computer vision community (Liu et al. 2021;
Tong, Wu, and Zhou 2020). However, there have been few
research works addressing the small object navigation task
as a whole, where successful execution of the task not only
requires a better object detection model but also a unified
system that allows the agent to efficiently reason about un-
certainty in the environment.

Our framework employs an end-to-end trained neural
network to learn object associations - for example, mugs



are typically found on tables - directly from visual inputs
(RGBD). Our experiment demonstrates that the learned sys-
tem can infer the presence of small objects by utilizing
contextual information, i.e. surrounding large objects, even
when the agent is far from the object that a pre-trained ob-
ject detection module failed to detect. The acquired map-
ping module can be used to guide the agent towards areas
that are more likely to contain the specified object. Our pro-
posed method substantially outperforms a strong baseline in
the small object navigation (SONav) task, as evidenced by a
26% absolute increase in success rate.

Small Object Navigation (SONav) Task

We adopt a similar definition as Object Goal Task (Chaplot
et al. 2020b; Wani et al. 2020). In this task, the agent is re-
quired to explore an environment that is initially unknown
and locate one or more objects based on their specified ob-
ject class names, such as TV. At each step, the agent receives
egocentric RGB and depth images, as well as GPS and com-
pass readings. The action space comprises four discrete ac-
tions: MOVE FORWARD, TURN LEFT, TURN RIGHT,
and STOP. An episode is considered successful when the
agent declares the object as found using the STOP action
when it is within a certain threshold distance d, from the
goal object. The episode terminates after a fixed number of
timesteps.

A significant distinction between the task we consider
in this work and prior studies lies in the fact that we fo-
cus on small daily objects commonly found in households,
namely ‘MUG’, ‘BOWL’, ‘SNACK BOX’, ‘BOOK’, ‘FRY-
PAN’, and ‘FEARPHONE’. In contrast, previous works pre-
dominantly focus on larger goal objects. For instance, in
(Chaplot et al. 2020b), the objective is to find objects such
as ‘CHAIR’, ‘COUCH’, ‘PLANT’, ‘BED’, ‘TOILET"’, and
“TV’. Due to imperfect perception and the small size of these
daily household objects, our task presents a greater chal-
lenge for the agent.

Small Object Navigation with Context
Information

System Overview

Figure 2 provides an overview of our proposed system. The
system operates in the following manner: starting with the
current RGBD observation, the probabilistic mapping mod-
ule predicts the probability of different objects’ existence, by
levering both visual information and contextual information
as described in the following section. This module produces
a top-down ego-centric map, a C' x M x M tensor, where C
represents the total number of object classes in the environ-
ment, and M denotes the agent’s vision range. Each entry in
this tensor reflects the agent’s belief regarding the presence
of a specific object in the corresponding cell of the physi-
cal world (5em x5cm). The local ego-centric map is then
utilized to update the global probabilistic map m,,, which
is represented by a C' x N x N tensor, using differentiable
spatial transformations. It is worth noting that we update the
probabilistic map in the logit space, allowing for more effi-
cient Bayesian updates, as discussed in the next section.
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Figure 2: Overview of the proposed system.

Concurrently, we incorporate the neural SLAM module
(Chaplot et al. 2020a) to predict the local obstacle map based
on the depth image. This prediction is used to update the
global obstacle map m,. Subsequently, the updated proba-
bilistic map m,, is utilized by the agent to select the high-
level goal, while the obstacle map m,, is employed to calcu-
late the goal distance map. At the beginning of each episode
when the probabilistic map is empty, we use a frontier-based
(Yamauchi 1997) exploration policy to explore the environ-
ment. Finally, the next low-level discrete action can be de-
termined using the distance map.

Updating the Probabilistic Map

The probabilistic map incorporates sequences of observa-
tions by performing approximate Bayesian updates (Persson
et al. 2007):
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where p(e; |oT) is the probability that there exists a spe-

cific object c in the cell ¢ given the observation o at timestep

T, and p(e) is the prior probability. The equation can be sim-
plified in the logit space as:

L(elo™, 0" ") = L(e|o™) + L(elo
where L(-) denotes the logit of p(+)

T - Le)

Probabilistic Mapping Module

The architecture of the probabilistic mapping module is de-
picted in Figure 3. We utilize the initial 8 layers of the pre-
trained Resnet50 model (He et al. 2016) as the backbone for
our visual encoder. Since the original Resnet50 model was
not trained with the depth channel, we further train a convo-
lutional neural network specifically for processing the depth
image. Subsequently, we concatenate the depth features with
the processed RGB features along the channel dimension.

To obtain the latent context vector, we crop the current se-
mantic map to generate a fixed-size (128 x 128) local map
with the agent positioned at the center. This local map was
then processed by a convolutional neural network to produce
a latent context vector z. We combined it with the output
of the visual encoder as input for the decoder. The decoder
first mix the information from both the visual encoder and
the context encoder using an MLP. Then it decodes the pro-
cessed information using a transposed convolutional neural
network to generate the predicted ego-centric map.
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Figure 3: The probabilistic mapping module.”+” means con-
catenation.

We train the proposed probabilistic mapping module by
maximizing the observed data log-likelihood: 0, ¢,w =
arg maxg ¢ ., log p(slo, z), where 6, ¢, w are the parameters
of the context encoder, visual encoder and map decoder re-
spectively; s is the ground truth semantic map that is only
observed during training, o is the RGBD observation and z
is the encoded latent context.

We employ the binary cross entropy (BCE) loss function
to optimize the aforementioned objective. However, naively
using the BCE loss leads to the neural network disregarding
smaller objects. This occurs because the final loss is com-
puted by averaging across all C class objects. Consequently,
smaller objects that occupy fewer cells receive fewer train-
ing signals, gradually becoming overshadowed by larger ob-
jects. To mitigate this issue, we propose normalizing the
BCE loss across the channel dimension (C') based on the
size of the object depicted in the local map.

The normalized BCE loss for object class C', denoted as
L€ is defined as follows:

—1
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where y¢ € 0,1 represents the ground truth label for ob-
ject class C' in cell 1, QZC denotes the predicted value, and
[ is a hyperparameter that regulates the degree of penalty
imposed on false positive predictions. By adopting this ap-
proach, each object class receives training signals within
comparable ranges, thereby enabling the neural network to
equally learn how to predict each object.

Priority Sampling

To achieve better sample efficiency during training, we use
a priority-sampling-like technique to encourage the agent to
learn more from its past errors. To do that, we discretize the
agent’s configuration space, which consists of the agent’s
pose(x,y) and the agent’s facing direction(f), into grids.
Then we use a reply buffer to store the BCE loss calculated
at each grid.

To train the probabilistic mapper, we first sample some
agent’s configurations according to a distribution define be-
low, then we render the observations at the sampled configu-
rations by the simulator. The sampling distribution is defined

as: p(z,y,0) = %Eﬁg’g x yNew.o where p(z,y,0) is the

Method Successt SPL1 DTS
BIG OBJECT GOAL

Random 0.01 0.01 5.93
Neural SLAM 0.72 0.479 3.998
Ours 0.73 0.492 3.954
SMALL OBJECT GOAL

Random 0 0 5.23
Neural SLAM 0.43 0.186  1.957
Ours 0.69 0.382 0.294

Table 1: Experiment results.

probability of selecting that specific configuration (z,y, ),
7 is the normalization constant, Lfgg is the BCE loss at
that configuration, - is some scaling constant that is less than
1, and N is the number of visits at that configuration.

Experimental Setup

We evaluate the proposed method by conducting experi-
ments on the iGibson scene dataset (Xia et al. 2018) using
the Habitat simulator (Szot et al. 2021). The original iGibson
scene dataset lacked diversity in terms of small objects and
their variations. To address this limitation, we enhance the
3D scenes in the iGibson dataset by introducing randomly
selected common household objects, such as books, bowls,
mugs, etc. Moreover, we follow commonsense knowledge
to determine appropriate receptacles for each object. For in-
stance, bowls are commonly placed on kitchen countertops
or dining tables in dining rooms. For the purpose of train-
ing, we generated 8000 unique episodes using eight distinct
house layouts. Additionally, for testing, we generated 200
episodes using two novel layouts.

Results

We compare our approach with a baseline method using neu-
ral SLAM (Chaplot et al. 2020b) with frontier-based explo-
ration (FBE) (Yamauchi 1997) as the high-level exploration
policy. It is worth noting that the winner of CVPR 2022 Ob-
ject Goal Navigation Challenge used a combination of the
neural SLAM approach with a trained exploration policy.
Learning a more efficient exploration policy is beyond the
scope of this research, as we focus on the probabilistic se-
mantic mapping that leverages contextual information. We
test both methods using the same FBE exploration policy.

We evaluate the performance of our method and the base-
line using three metrics:

* Success: the number of successful episodes divided by
the total number of evaluated episodes;

* SPL:success weighted by path length. This metric mea-
sures the efficiency of the agent to locate the goal object;

* DTS: distance to success. This is the distance between
the agent and the goal object minus the success threshold
when the episode ends.

The experimental results (Table 1) suggest that searching
for small objects presents significant challenges, as indicated
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Figure 4: Qualitative result of the proposed method. Left: the
object detection module was unable to detect the goal object
(the mug, as indicated by the red arrow) when the agent is
far from the object. Right: our proposed probabilistic map
learns that the mug can be usually found on a cabinet, thus
leads the agent to take a closer look at the cabinet and suc-
cessfully find it.

by the decline in performance for both methods. Our pro-
posed method exhibits a strong improvement in both suc-
cess rate and SPL compared to the neural SLAM baseline,
effectively narrowing the gap in small object search tasks.
Notably, the substantial increase in SPL (+105%) demon-
strates the efficiency of our method in locating the goal ob-
ject, attributed to the guidance provided by the proposed
probabilistic semantic map. Furthermore, we observe that
the trained probabilistic mapper can learn to predict the pres-
ence of small objects based on contextual cues when the ob-
ject detection module fails to detect them (Figure 4).

Conclusion

In this paper, we presented a probabilistic method for the
SONav task where the key idea is to leverage contextual
information. Our experiment in the Habitat simulation en-
vironment suggests our proposed method substantially out-
performs a recent SLAM-based method on the SONav task.
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