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Abstract: Object-based goal navigation tasks require embodied agents to locate specified objects in unfamiliar environments, a key 

challenge in vision-language navigation. Several works use end-to-end models to project observations into actions, but they often 

suffer from poor interpretability. Conversely, modular approaches provide interpretability by separating perception, planning, and 

action. There is a notable modular framework that predicts object locations in unexplored areas via supervised learning. However, it 

is prone to false positives, which can degrade navigation performance. In this work, we propose an enhanced method that integrates 

large language model assistance into the object prediction pipeline. Specifically, we introduce a validation step that uses GPT-4o to 

confirm the existence of objects predicted using mask region-based convolutional neural network (Mask R-CNN) before retrieving 

them in semantic maps. This validation effectively filters false positives, leading to more accurate goal identification. Experiments on 

the HM3D dataset demonstrate improved success rates and trajectory efficiency, validating the effectiveness of our approach in 

complex indoor navigation scenarios. 
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I. INTRODUCTION 

 
Object navigation (ObjectNav) is a fundamental problem in 

embodied AI, where an agent is tasked with navigating an unfamiliar 

environment to locate a specified object [1]. This task has gained 

increasing importance in the broader field of vision-language 

navigation (VLN) [2-3], which aims to bridge perception and 

language for autonomous systems. Effective ObjectNav allows agents 

not only to interpret natural language commands but also to interact 

with environments in a meaningful way. Real-world applications 

include domestic robotics, assistive navigation, and search-and-rescue 

missions—scenarios where accurate object localization and efficient 

path planning are critical. 

Existing approaches to ObjectNav can be broadly categorized into 

end-to-end and modular-based models. End-to-end methods train a 

single policy to map raw sensory input directly into actions. While 

these models benefit from optimization across the entire navigation 

pipeline, they often lack interpretability and are difficult to debug or 

extend. In contrast, modular-based systems divide the problem into 

interpretable components—such as perception, mapping, goal 

prediction, and planning—which allows for better transparency, 

control, and targeted improvements. Among these, PEANUT [4] has 

shown promising results by explicitly predicting the location of object 

goals in unexplored areas using a supervised learning framework. 

However, PEANUT’s reliance on region-based convolutional 

neural networks (R-CNN) [5] for semantic segmentation introduces 

significant limitations. In particular, R-CNN are prone to false 

positives, often misclassifying background textures or occluded 

regions as target objects. These inconsistent predictions, when 

incorporated into semantic maps [1], can mislead the agent during 

planning and navigation. To address this, we propose an enhanced 

ObjectNav framework that introduces two key improvements to the 

explicit object prediction process. 

First, we replace the convolutional backbone used in PEANUT 

with a transformer-based architecture, specifically SegFormer. 

Transformers are inherently capable of modeling long-range 

dependencies and global spatial relationships, enabling more 

comprehensive and context-aware goal predictions across the entire 

semantic map. This global attention mechanism leads to more 

informed exploration, allowing the agent to identify potential object 

locations in a broader spatial context and improving its ability to 

discover target objects before episode termination. 

Second, we introduce a large language model (LLM)-assisted  
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validation mechanism to improve the reliability of object predictions. 

Given the tendency of Mask R-CNN to produce false positives, 

especially for small or hard-to-segment objects, we leverage the 

contextual reasoning capabilities of LLMs to verify the existence of 

predicted objects within the current observation. This validation step 

ensures that only credible predictions are incorporated into the 

semantic map, reducing noise and improving downstream navigation 

decisions. 

 

II. RELATED WORK 
 

1. Modular Approaches in Object Navigation 

Modular methods have become increasingly robust in the field of 

object navigation (ObjectNav) due to their ability to decompose 

indoor scene navigation into interpretable and manageable sub-

components—typically encompassing perception, planning, and 

control. This separation not only improves interpretability but also 

enables targeted improvements within each module, making the 

overall system more flexible and robust. 

SemExp [1] initiated a spatial semantic map that guides exploration 

and decision-making. It extends active neural SLAM [6] to explicitly 

generate a semantic map, allowing the model to create a long-term 

policy based on prior semantic information. Building upon this 

foundation, several works start leveraging this feature into the use of 

various long-term policy strategies. The first to mention is Frontier 

SemExp [7], which introduced the frontiers concept using deep 

reinforcement learning. This work demonstrates significant 

breakthroughs; by exploring through frontiers, the model consistently 

finds the goal object effectively. However, its policy still lacks 

consistency, as it does not always succeed in locating the object. 

Another model adopts a supervised method to define its policy. 

PEANUT [4] extends the modular paradigm by explicitly modeling 

object likelihoods in unexplored areas of a scene. It leverages the 

semantic map constructed via SemExp to predict the most probable 

object locations even in regions the agent has not yet visited. This 

probabilistic map significantly enhances navigation efficiency. 

However, PEANUT’s reliance on convolutional architectures, 

PSPNet [8], to model spatial distributions limits its capacity for long-

range dependencies. The use of convolutional layers restricts the 

receptive field, which may hinder the model's ability to understand 

spatial relationships across the scene. To address this, attention-based 

mechanisms—such as those inspired by SegFormer [9] architecture—

offer a promising alternative. Attention mechanisms can capture 

global spatial dependencies more effectively, enabling better reasoning 

over large, partially explored maps and enhancing object prediction 

capabilities in unobserved regions. 

2. Language Models on Leveraging Visual Perception 

Another notable limitation in current modular systems arises from 

their visual perception module, which typically uses models like Mask 

R-CNN [5] to segment and classify objects in the environment. While 

effective in many cases, this pipeline is susceptible to false positives—

misclassifications or hallucinated detections that can lead to navigation 

inefficiencies or failures. 

To mitigate this, recent research has explored the integration of 

large language models (LLMs) into modular navigation pipelines, like 

L3MVN [10]. This model inherits the Frontier SemExp [7] feature, 

which is based on frontiers policy. Through this frontiers policy, the 

model uses masked language model [11] to score the object near 

frontiers and select a future goal with the highest score. Although 

promising, this strategy heavily relies on LLM performance. The lack 

of visual interpretation during global goal selection has led to several 

mistakes. Therefore, in this paper, we leverage both visual and LLM 

representation to define the goal, in hope, the integration of these two 

will improve the performance. 

 

III. PROPOSED METHOD 
 

1. Problem Formulation and Overview 

The object navigation (ObjectNav) task is formulated over a set of 

𝑁 episodes. In each episode, the agent is placed within a unique scene 

𝑠, begins at an initial position 𝑝, and its objective is finding an object 

goal category 𝑐. For episode 𝑘, a tuple {𝑠𝑘 , 𝑝𝑘 , 𝑐𝑘} is given as input. 

The agent must navigate through the environment to find an instance 

considered to belong to object category 𝑐 by following a certain 

policy 𝒫. At each time step 𝑡, the agent receives an observation 𝑂𝑡, 

which consists of RGB and depth images capturing the surrounding 

environment. A navigation policy 𝒫, denoted in Equation (1), 

processes this observation and outputs an action 𝑎𝑡. This process 

loops until the agent chooses the stop action, indicating that it has 

either found the target object or terminated the episode. The challenge 

lies in determining an effective policy 𝒫 that enables the agent to 

그림 1. 기존 문제 정의 및 그에 대한 제안 정책의 개요(각 단계별). 

Fig. 1. Overview of proposed policy on given problem formulation (for each step). 
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그림 2. LLM 보조 과정을 통한 객체 존재 검증. 

Fig. 2. LLM assistance process on validating the existence of an 

object in the scene. 

 

locate the target object efficiently and accurately across a variety of 

unseen scenes. 

 𝑎𝑡 = 𝒫(𝑂𝑡)  (1) 

 

To resolve the problem mentioned, we present our redesigned 

model concept for ObjectNav tasks in [4], by leveraging LLM 

features in the supervised feature. Figure 1 shows the overview of the 

proposed policy model. The policy begins by projecting the 

observation into a top-down view using semantic mapping (𝒎𝒕) as 

proposed in [1]. From this semantic representation, we apply a trained 

explicit prediction model 𝜋 to map the probability of a specific object 

category in unexplored areas. For each navigation episode, only one 

target object category is selected (𝑐𝑡𝑎𝑟𝑔𝑒𝑡). For each feature of the 

policy will be detailed in following sections. 

2. Semantic Map Projection (with LLM Assistance) 

Our semantic mapping module builds on established practices in 

RGB-D-based scene understanding, incorporating both geometric and 

semantic follows [1,6]. At each timestep, the agent receives an RGB-

D observation along with its pose information. The RGB image is 

processed using a Mask R-CNN [5] segmentation network to identify 

object instances and assign semantic category labels to each pixel. 

This segmentation covers C target object categories and may include 

additional background or contextual classes. The labeled pixels are 

then lifted into 3D using the depth data, resulting in a colored point 

cloud. To create a navigable map, only points within a predefined 

height range, corresponding to the agent’s physical dimensions, are 

considered for obstacle labeling. The 3D point cloud is then converted 

into a voxel occupancy grid, which is collapsed along the vertical axis 

to form a 2D egocentric semantic map. This local map is transformed 

into an allocentric global frame using the agent’s pose and aggregated 

over time to construct a global semantic map. Finally, this part of 

pipeline will output (𝑁 + 4) × 𝐻 × 𝑊 map, whereas 𝐻 and 𝑊 

respectively show height and width of the proected map, and 𝑁 

shows the number of listed categories to be projected. There are 

additional 4 channels, which represent the channel for explored map, 

obstacle map, agent trajectory (from the beginning until current state), 

and current position of the agent. 

To enhance the reliability of semantic mapping, we address a 

notable limitation of Mask R-CNN—its tendency to false positives,  

그림 3. 명시적인 객체 예측 맵 생성 과정. 

Fig. 3. The process of explicit object prediction map. 

 

especially when instance segmentation fails on similar objects and 

small objects. To mitigate this, we incorporate a Large Language 

Model (LLM) GPT-4o [12] to validate each segmented object 

instance, as shown in Figure 2. The LLM acts as a verifier by 

assessing whether a predicted object category is contextually consistent 

and likely to exist in the current scene. More specifically, this LLM is 

utilized whenever the agent has identified the object goal through 

Mask R-CNN. In this case, we use a flag called found_goal, set to 1 

when the agent detects the object goal, and set to 0 otherwise. The 

input to the LLM comprises a text prompt and the current scene image. 

The text prompt asks, “Do you see <object_goal> in this scene?”, 

along with attaching the image of the current scene in which the 

model detected the object goal. Intuitively, the LLM verifies the 

agent’s judgement regarding the existence of the object goal. If the 

LLM confirms it as true, the agent remains using current goal. 

Otherwise, the found_goal flag is turned off, and the exploration 

continues. This additional validation step significantly reduces 

incorrect semantic labels before they are projected onto the global 

map. 

3. Explicit Object Prediction Map 

To estimate object probability maps in unexplored areas, we used 

transformer-based model with rich global contextual between pixels, 

by following [9]. As illustrated in Figure 3 (Explicit Object Prediction 

Map block), its four-stage Mix-Transformer encoder builds 

overlapping patch tokens; each stage couple reduction self-attention 

with a depth-wise 3x3 convolution, simultaneously capturing long-

range dependencies and local details. This enables us to avoid using 

positional embeddings so it can be used on any input size. Finally, the 

process continues to decoder part which consists of efficient MLP that 

is more efficient than the use of convolution decoder. 

Now, we describe the technical process for map projection. Similar 

to the segmentation process, instead of using 3 channels input, the 

map projection adapts the segmentation model to receive the semantic 

map output, as it is an extension of the semantic map, with the (𝑁 + 4) 

channels number. We trained the model with output of N_goal 

channels to explicitly represent the target object map (𝒎𝒕) in the task. 

Each channel in 𝑁𝑔𝑜𝑎𝑙 corresponds to one target object. For the next 

step, we retrieve the explicit prediction map to a model 𝜋, as 

mentioned earlier, which focuses solely on the target for current  
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episode (𝑘), where the mapping corresponds to Equation (2). As a 

result, we obtain the probability map 𝒛𝒕  of the object goal. 

Visualization of all this process is depicted in Figure 3. 

 𝒛𝒕 = 𝜋(𝑐𝑡𝑎𝑟𝑔𝑒𝑡|𝒎𝒕) (2) 

 

4. Setting Goal and Movement Planning 

As we obtain 𝒛𝒕, intuitively, we want the agent to go directly to the 

point with the highest value—indicating where the policy predicts the 

object is most likely located. However, this is not always optimal. For 

example, consider the first and second highest probability clusters on 

the map, where both are located in different regions. If the agent is 

significantly closer to the second-highest probability cluster, it would 

be reasonable for the agent to visit that area first. This suggests that 

distance plays a role in goal selection. Based on 𝑧𝑡, the goal location 

(𝑔𝑡 ∈ ℕ2) is determined by selecting the point with the highest 

weighted probability, where the weights are influenced by geodesic 

distance (𝒅𝒕). The goal is selected according to the Equation (3): 

 𝑔𝑡 = argmax(𝑖,𝑗) exp(−𝒅𝒕[𝑖, 𝑗]) 𝒛𝒕[𝑖, 𝑗] (3) 

Finally, a movement plan is computed to navigate toward the 

selected goal 𝑔𝑡, guiding the agent’s actions at each step throughout 

the episode. 
 

IV. EXPERIMENT 
 

1. Experiment Setup 

We conduct our experiments on the HM3D [13] dataset, which 

offers a diverse environment and is well-suited for ObjectNav tasks. 

Prior to the main evaluation, we train our explicit goal prediction 

model using data collected through a random walk policy. Specifically, 

for every 4,000 newly explored pixels, the semantic map is annotated, 

and this process is repeated across 1,000 episodes to build a 

comprehensive dataset. The prediction model 𝜋 is trained for 60,000 

steps using all collected pair input-output maps. We train this model 

using Adam optimizer with a learning rate of 0.0005. We set the 

objective learning of binary cross-entropy as the loss function to 

ensure the result will show a probability in [0,1] each region, so that a 

region only belongs to at most one object. 

For evaluation, we use the validation split of HM3D, running 500 

episodes to test the agent’s ability to navigate toward specified objects. 

We compare our method with several baseline models, both types that 

are without and with LLM. 

a. Random walk policy, which serves as a lower bound to 

demonstrate the model's effectiveness is not a random success. 

b. Frontier SemExp [7] is a model that improves frontier-based 

and mapping by using deterministic policy trained with 

reinforcement learning. 

c. PEANUT [4], which serves as the primary benchmark for 

explicit prediction mapping, without relying on LLM. 

d. d.L3MVN [10] is a model that uses the frontier-based like in 

Frontier SemExp. However, instead of training its deterministic 

policy, it leverages LLM to decide which frontier points the 

agent should explore. 

To assess the contribution of the distance-based weighting scheme 

in goal selection, we perform an ablation study that contrasts two 

ways: (i) using the explicit object-prediction map alone and (ii) 

utilizing explicit object-prediction map and distance-based weight. 

This comparison reveals whether the weighting strategy with 

distance-based further optimizes agent’s performance on the Object-

Goal Navigation task. 

2. Result and Discussion 

Quantitatively, the experiment results are shown in Table 1. We are 

using two metrics, success rate (SR) that shows how many success 

episodes over all episodes and success weighted by path length (SPL) 

which follows Equation (4) that uses: binary point whether the 

episodes success (𝑆𝑖 = 1) or not (𝑆𝑖 = 0); path trajectory of the agent 

takes (𝑃𝑖) and the shortest path from the start point to the actual goal 

(𝐿𝑖 ). As an initial experiment, the random walk policy clearly 

demonstrates that a well-defined policy is required to find objects in 

this environment, as the random policy fails in all episodes. This is 

followed by experiments on several baseline models. 

 𝑆𝑃𝐿 =
1

𝑁
∑ 𝑆𝑖

𝐿𝑖

max (𝐿𝑖,𝑃𝑖)
 𝑁

𝑖=1  (4) 

At first glance, we observe that explicit models, PEANUT and 

Ours, achieve better metrics compared to frontier-based approaches. 

The primary reason might be that the goal policy in Frontier SemExp 

relies solely on a simple linear layer without further extraction of 

semantic knowledge. Then, we compare PEANUT and Ours, both of 

which do not include LLM features. The SPL metrics between these 

two indicate that replacing convolution-based models with attention 

modules for explicit prediction maps leads to more extensive 

exploration. This is reflected in the lower SPL of the model using 

attention mechanisms, which, in turn, results in a higher success rate. 

Finally, we compare models with LLM-integrated policies. 

Observing direct comparisons, L3MVN againts Frontier SemExp and 

Ours againts Ours (without LLM), the metrics show improved 

performance for models with LLM. This suggests that LLM indeed 

contributes to enhanced scene understanding. Furthermore, among 

LLM-integrated models, the strategy of validating object existence to 

create robust semantic maps yields better performance. This 

improvement is likely due to the direct supervision that allows full 

utilization of the LLM’s semantic reasoning capabilities. 

We next evaluate whether integrating the distance-based weighting 

strategy improves goal selection. Table 2 compares explicit prediction 

alone and additional distance-based weight, for both without and with 

LLM. It shows adding distance-based weight improves both metrics. 

SPL increases significantly because the agent checks nearby candidate 

regions first, making the path more efficient before moving on to 

farther locations. Meanwhile, relying on the prediction map alone 

often causes worst performance because it wastes time searching. 

Hence, it may lead to exceeding the timestep limit and the episode is 

considered fail. Note that in these failed episodes, the found_goal flag 

is less likely active, so the LLM has no impact. 

We conducted an additional analysis to check both complexities 

based on inference time and LLM related risk. For inference time 

related, we measured the average latency of each module on one 

navigation step (refer to Figure 1). Processing the raw observation and 

updating the semantic map takes 22 ms; the explicit prediction 

module adds 120 ms; distance-weight computation takes 136 ms; and 

goal-action planning requires 36 ms. Additionally, the GPT-4o as the 

LLM model could cause 2.6 s. However, we only use this LLM 

feature once when the found_goal is active. Hence, it is expected not 

to cause significant bottlenecks in the inference process. 
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표 1. 기존 모델들 간의 비교.  

Table 1. Comparison among prior models. 

 Model SR SPL 

w
/o

 L
L

M
 Random Walking 0.000 0.000 

Frontier SemExp 0.538 0.246 

PEANUT 0.606 0.309 

Ours (w/o LLM) 0.614 0.276 

w
/ 

L
L

M
 

L3MVN 0.542 0.255 

Ours 0.636 0.312 

 

표 2. 거리 기반 최적화 실험. 

Table 2. Experiment on distance-based optimization. 

Goal Selection LLM SR SPL 

Explicit Prediction Only No 0.520 0.228 

Explicit Prediction with 

Distance Weight 
No 0.614 0.276 

Explicit Prediction Only Yes 0.540 0.231 

Explicit Prediction with 

Distance Weight 
Yes 0.636 0.312 

 

To assess risk, we examined cases in which the LLM reported object 

absence. In most scenarios, the LLM successfully resolves the false 

positive; for example, in Figure 4 (top), a bed frame initially 

misclassified as a chair. Then the model continued the exploration 

until it found a real chair. We observed only one failure, where LLM 

mistakenly dismissed a detected sofa as in Figure 4 (bottom). Then 

after exploring nearby, looking from a different pose, the sofa is 

detected again and LLM correctly verified. Overall, the LLM can be 

still reliable for various indoor scenario based on given scenes. 

 

V. CONCLUSION 
 
In this work, we propose an improved object navigation method by 

integrating large language models (LLMs) to validate explicit object 

goal predictions. This LLM-assisted validation reduces false positives 

from segmentation and enhances detection of small or ambiguous 

objects, leading to improved performance over prior methods such as 

PEANUT. The limitation of this study is that it only evaluates LLM 

support for explicit prediction on unexplored maps; applying the 

approach to real world scenarios remains future work, whether related 

to complexity or accuracy. Further research might be needed to test 

generalization to an open-set formulation—so it is not limited to a 

fixed set of object classes—in the future. 
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