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Abstract

Object goal navigation (ObjectNav) is a well defined and
fundamental problem for robotic to navigate, that start-
ing in a random point at unseen environment to a given
object. Recent advanced study in ObjectNav uses Vision-
Language Models (VLMs) or multimodal large language
models(MLLMs) for object detection and decision-making.
However, due to the "black-box” nature and implicit rea-
soning of VLMs, current ObjectNav systems often rely on
the opaque internal capabilities of the models or exhaus-
tive prompt engineering, lacking transparency and explicit
planning. In this paper, we propose HeckNav, a zero-shot,
heuristic-based knowledge navigation module that enhance
VLMs with Knowledge Graph (KG) and Bayesian prob-
abilistic inference. To enhance planning efficiency while
maintaining a minimal footprint, we introduce a lightweight
KG module that employ Bayesian inference to derive navi-
gational plans based on the robot’s observed environment.
Furthermore, our framework provides unique level of inter-
pretability by visualizing the agent’s environmental aware-
ness and its path-finding process through an abstract graph
based on heuristic value preferences. Experimental re-
sults demonstrate that HeckNav achieves significant im-
provement on the HM3D and MP3D datasets especially on
smaller VLM.

1. Introduction

“Knowledge is crude.” - David Papineau

ObjectNav [4] requires an embodied agent to navigate
toward a specific object category within an unseen envi-
ronment. This task tests the agent’s capacity for object
detection, spatial awareness, sequential planning, and au-
tonomous execution. The workflow of objectNav can be
divided into:

* Localization: agent is aware of surrounding environment
with semantic meaning.
* Mapping: agent remembers the area that has been ex-

Panoranmic View

Observation >
| see [chair, fireplace, table, sofa, toilet] >
Goal: bed
Heuristic Knowledge Graph

«~ You are in Kitchen: 70%
in living room: 20%
in bathroom: 8% ...
The most likely path is : kitchen - hallway - bedroom - bed
it's also possible to follow kitchen - bedroom - bed

Agent

Figure 1. Overview of HeckNav module. It capture the statistical
probability between regions and objects, make Bayesian inference
over linguistic knowledge graph possible

plored and unexplored.

* Planning: agent makes plan based on the known infor-
mation and area of interest for long-term.

¢ Decision making: agent use judgement to make the deci-
sion based on plan and surrounding area for the following
step.

* Goal detection: the agent stops when the goal is reached
or when it believes that the goal is reached.

In the very early stage navigation problem, the pioneer
like DD-PPO [26] trains policies using reinforcement learn-
ing algorithms for decision making. Frameworks in the era
doesn’t come with planning process, they just merely pre-
dict next step based on the trained policy. Such method is
demanding for training data, prolonged training times, and
high computational resources.

Early milestones in objectNav, such as ZSON[19], use
of multimodal embeddings, CLIP[23], to transfer policies
trained on image navigation to open-vocabulary targets.
However, ZSON relies heavily on implicit end-to-end rein-
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forcement learning policies, which often struggle with long-
horizon exploration and lack explicit spatial memory.

To address these exploration inefficiencies, subsequent
works like VLFM[33] integrated simple VLM-driven se-
mantic scoring with classical frontier-based mapping.
Based on the map, they capture images and use BLIP-2[13]
to get cosine-similarity score. The similarity score incor-
porates with the field of view to build value map. Using
these data, adapt a pre-trained PointNav policy. However,
this framework depends on BLIP to evaluate the similarity,
which would cause disaster, as BLIP is not powerful enough
to infer from an unrelated item to the goal.

Following the era of CLIP-based scoring, the rapid evo-
Iution of MLLMs such as ChatGPT and Gemini [6, 21],
or complex question-answering VLMs like LLaVa and
Qwen[16, 22], a profound paradigm shift in Embodied Al
that makes vision-processing, planning, and decision mak-
ing integrated into single model. Unlike simple VLMs
limited to embedding alignments, MLLMs exhibit emer-
gent reasoning, rich contextual understanding. On the other
hand, simple VLMs with smaller parameters can be de-
ployed on robots locally. However, the limited context win-
dow of models makes each step as an isolated query as the
navigation horizon extends. VLM requires robust external
memory mechanism.

With the MLLM advancement, WMNav[20] pushed the
boundaries by framing the MLLM as a *World Model’. By
maintaining a Curiosity Value Map, WMNav enables the
agent to simulate future states and evaluate potential out-
comes before acting, thereby reducing trial-and-error. How-
ever, such world-model-based approaches implicitly rely
on the MLLM’s internal simulation capabilities, which in-
curs high computational overhead, suffers from hallucina-
tion risks, and lacks a transparent, symbolic representation
of common sense. In the meanwhile, the performance of
WMNav decrease dramatically when switch to small VLM,
makes it impossible to deploy on local robot.

To bridge these gaps, our HeckNav framework intro-
duces a highly optimized, lightweight knowledge graph
synergized with Bayesian probabilistic inference. Instead
of relying on expensive MLLM-based forward simula-
tions, HeckNav leverages explicit, structured heuristic pri-
ors to logically deduce target locations (e.g., inferring a mi-
crowave’s location based on a visible sink). This approach
not only reduces computational burden but also provides an
unique, interpretable visualization of the navigation reason-
ing process.

Extensive experiments on the standard HM3Dvl and
MP3D datasets demonstrate the superiority of HeckNav.
Notably, our framework achieves an absolute improvement
of 1.4% in Success Rate (SR) on HM3D, 3.1% SR on
MP3D over the benchmark using Gemini-2.0-Flash and
over 3.1% SR using Qwen7b/8b, while maintaining an

ultra-low memory footprint of < 2.2M B
The main contributions of our work are summarized as

follows:

* A Novel Interpretable Module: We introduce an inter-
pretable visualization mechanism that maps the agent’s
spatial awareness and decision-making logic for long-
term.

* Extreme Memory Efficiency: We introduce a highly op-
timized knowledge graph without the massive computa-
tional overhead.

¢ SOTA Performance: HeckNav improves success rates
standard benchmarks (HM3D and MP3D) compared with
SOTA framework especially on small VLM.”

2. Related Work

ObjectNav Datasets. The development of Embodied Al
is deeply rooted in the availability of high-fidelity simula-
tion environments. A significant lineage of datasets, includ-
ing Gibson [28], Matterport3D (MP3D) [3], Replica [2],
HM3D [24], HM3Dv2 [30] and HM3D-OVON [34], are
reconstructed from real-world physical scans. Among
these, MP3D is particularly distinguished by its exhaus-
tive, human-annotated semantic metadata, providing gran-
ular ground-truth associations between object and room.
Here, we conduct a systematic statistical representation of
these human-annotated semantic distributions, transform-
ing metadata into a probabilistic knowledge graph that
guides the agent for long-term planning.

Foundation Models for Semantic Navigation. The in-
tegration of Large Language Models (LLMs) and MLLMs
has revolutionized the decision-making pipeline in Ob-
jectNav. Beyond the predictive world models like WM-
Nav [20], several works explore the reasoning capabilities
of foundation models. For instance, L3MVN [35] utilize
LLMs to score frontiers by evaluating the semantic rele-
vance of room-object associations. Another parallel re-
search track focuses on persistent spatial representations.
VLMaps [9] and CoW [5] store pixel-level VLM embed-
dings in a 2D grid, enabling open-vocabulary spatial query-
ing. InstructNav[18], NavCoT [15] introduces a Chain-of-
Thought prompting strategy for MLLMs to enhance step-
by-step navigation reasoning. VISTAv2[10] uses diffusion
models to evaluate the path quality by “imagine” the future
scene. While these methods demonstrate impressive zero-
shot capabilities, they often encounter a ”performance dete-
rioration” using smaller model, making it hard to deploy on
local robot. HeckNav addresses these limitations by distill-
ing these complex reasoning processes into a lightweight
Bayesian Knowledge Graph, effectively bridging the gap
between high-level MLLM perception and efficient, low-
level symbolic execution for long-term planning.

Graph and Graph-Based Navigation. There are al-
ready plenty of study about the 3D-structure graph [I,
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7, 12] that extract the semantic representation into ab-
stract graph as prior. Utilizing structured prior to en-
code environmental common sense has long been a pur-
suit in Embodied Al. Frameworks such as AKGVP [29],
NavRAG[25], and HOZPlus [37] have pioneered the inte-
gration of offline Knowledge Graphs (KGs) to provide the
agent with a global semantic context. On the other hand,
there are many online graph frameworks like TopoNav[17],
TSGM[11], UniGoal[32], DGN[14]and SG-Nav[31] that
served as memory mechanism. In this paper, the graph we
discuss will be severed as offline prior. There is a funda-
mental limitation of these existing KG-based frameworks is
their reliance on binary or unweighted relational structures.
While they successfully establish that certain objects “can”
coexist (e.g., a stove is in a kitchen), they fail to explicitly
model the statistical strength or probabilistic tendency of
these relationships. In these graphs, all edges are treated
with equal significance, neglecting the fact that some spa-
tial correlations are far more predictive than others in real-
world distributions. HeckNav addresses this gap by intro-
ducing a Bayesian probabilistic layer atop the knowledge
graph. By deriving edge weights from the statistical analy-
sis of human-annotated datasets like MP3D, our framework
quantifies the "affinity” between entities, allowing the agent
to prioritize exploration targets based on the rigorous math-
ematical likelihood rather than simple connectivity.

3. Method

3.1. Statistical Knowledge Grounding

To empower the agent with structured common sense, we
construct a lightweight, multi-relational Knowledge Graph
(KG) derived from the semantic metadata of the MP3D
dataset. Unlike implicit end-to-end priors, our KG is ex-
plicitly built to encode both topological layouts and proba-
bilistic semantic distributions.

3.1.1. Multi-relational Graph Construction

Formally, we define our Knowledge Graph as G = (V, £).
The node set V = Vi UVg consists of room nodes Vx (e.g.,
bedroom, kitchen) and object nodes Vo (e.g., bed, cabinet).
The edge set £ = Epqv U Eprop €ncompasses two distinct
types of relationships:

* Navigation Edges (£,,,,): Undirected edges connecting
adjacent room nodes based on spatial annotations (e.g.,
portals/doors). These define the topological navigability
of the environment.

* Probabilistic Semantic Edges (€,,.5): Directed edges
connecting object nodes to room nodes. The weight of
these edges represents the statistical correlation probabil-
ity, bridging semantic concepts with spatial containers.

3.1.2. Probabilistic Edge Formulation

To quantify the semantic edges £, We aggregate the spa-
tial distributions from the raw metadata. Let C(o,r) de-
note the total occurrences of object 0 € Vg residing within
room r € Vgr. We formulate the conditional probability
P(r|o)—the likelihood that an observed object o belongs to
a room type r—using a normalized frequency distribution.

3.2. Heuristic Navigation via Graph Reasoning

During navigation, HeckNav dynamically queries this
lightweight KG to form long-term reasoning chains. The
decision-making process is divided into location belief up-
dating and semantic path generation.

3.2.1. Zero-Shot Perception and Room Belief Update

At each navigation step ¢, the agent faces cognitive tasks:
localizing its current semantic context. HeckNav accom-
plishes this by deriving two explicit probability distributions
over all room categories Vg, conditioned on real-time ob-
servations and the specified goal.

Current Room Distribution (P(R.,)): First, the
VLM parses the current panoramic RGB observation to
identify a set of salient anchor objects O,s. Instead of re-
lying on geometric coordinates, the agent infers its current
semantic location by aggregating the probabilistic evidence
from these observed anchors. First, the model initialize the
current room distribution by calculating:

f(R’Lv Oobs)
EjeR f(RJ" Oobs)

The function f(R;, 0ops) represntes the likelihood of ob-
serving o,y given that the agent is in room R;. Based on
the current belief distribution over all rooms, the scores are
L1-normalized across all room nodes. After movement, the
belief is updated as follows:

P(Ri)initial = 1)

P(Oups | Ri)P(R;)
P (Oobs)
Here, the denominator is a dynamic normalization constant.

It fluctuates based on the semantic density of the current
observation.

P(Rz | Oobs) = (2)

P(OobS) = Z P(OobS | Rj)P(Rj) 3)

JER

Goal Room Distribution (P(R.;)): Simultaneously,
the agent must estimate the destination. Using the given
target object 0¢qrget, We query the probabilistic semantic
edges Eprop in our Knowledge Graph. The unnormalized
belief for the target residing in room r is derived directly
from the statistical prior: Sgoq(r) = P(r|0target). This
is similarly normalized to yield the goal room distribution,
P (Rgoal)-
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By transforming both the observations and the text-
specified goal into unified room-level probability distribu-
tions, HeckNav establishes the source and destination priors
required for the subsequent semantic path generation.

3.2.2. Semantic Navigation Chain Generation
With the dual candidate sets R*, .. and Rzoal established,

curr
HeckNav shifts from perception to cognitive planning. We
formulate this as a semantic path search problem over the
topological navigation edges &,4, within our Knowledge
Graph.

For any presumed source room ry € R}

rurr and goal

room ry € Ry, a candidate semantic path I' =
(rs,r1,...,74) is defined as a sequence of topologically

connected rooms. Let N = |T'| denote the number of hops
(i.e., edges) in this path. A naive approach to evaluate the
traversability of I' would be the cumulative product of all
edge probabilities. However, since transition probabilities
strictly reside in (0, 1], a pure multiplicative formulation in-
herently suffers from the multi-hop attenuation problem—
it penalizes longer, multi-hop trajectories, biasing the agent
toward strictly myopic, short-distance explorations.

To inherently decouple the semantic confidence from the
path length, we introduce a length-normalized transition
scoring function. By taking the N-th root of the cumula-
tive product, we effectively compute the geometric mean
of the transition probabilities. The transition score of a path
I is formulated as:

1
N

N
Strans (F) = <H Prov (Ti|ri—1)> 4
i=1

where P4, (r;|ri—1) represents the navigation edge proba-
bility between adjacent rooms derived from the prior graph.

The overall confidence of a complete semantic chain
Cs—g is then synergized by integrating the initial location
belief, the length-normalized path score, and the goal esti-
mation:

Schain(csﬁg) = P(Ts) : Strans(r(rs — rg)) . P(rg) (5)

The framework evaluates all possible paths between the
Top-K source and goal candidates, selecting the chain with
the highest overall score arg max S.pqin. The agent then
can decomposite the task and decide next step.

3.3. Transparent and Interpretable Reasoning

Unlike end-to-end black-box models or implicit world mod-
els, HeckNav’s decision-making process is entirely trans-
parent. Because both the environmental prior G and the dy-
namic semantic chains are explicitly formulated, the agent’s
cognitive state can be visualized in real-time. By overlay-
ing the active room beliefs P(Rcurr), P(Rgoal), and the
highest-scoring semantic path onto the topological graph,

humans can intuitively trace the exact probabilistic reason-
ing that led to the agent’s navigational choices. This explicit
symbolic structure enhances the trust and debuggability of
the Embodied Al system.

4. Experiment

4.1. Data and Evaluation Metrics

Knowledge Graph Optimization and Specifications We
meticulously optimized the raw semantic categories ex-
tracted from the MP3D dataset. Architectural elements
that are ubiquitous across all indoor environments—such as
walls, ceilings, floors, and doors—are discarded for goal-
oriented semantic reasoning. Consequently, we filtered out
these non-discriminative entities into different categories
during the graph construction phase.

The resulting refined Knowledge Graph is highly com-
pact, comprising exactly 52 nodes: 26 room category nodes
(Vr) and 26 salient object category nodes (Vo). These
nodes are interconnected by 1,421 directed edges (€,,4, and
Eprob), encapsulating both the topological navigation links
and the probabilistic semantic affinities. In our implemen-
tation, the module that contains graph and retrieval func-
tion only occupies a mere < 2.2M B of runtime mem-
ory and each inference step takes < 2ms (module test on
15 — 12600K with 32G B memory). This extremely low
memory footprint validates our claim of HeckNav being an
lightweight, plug-and-play module. The category we used
for object nodes is based on mpcat40.

Dataset The first version of HM3D[24] comes with 2000
validation episodes and 6 goal object categories such as
sofa, bed on 20 environments. MP3D[3] has 2195 valida-
tion episodes and 21 goal object categories on 11 scenes.
Metrics Like other frameworks, we adopt Success Rate
(SR) and Success Rate Weighted by Inverse Path Length
(SPL). SR is a robustness test and SPL is efficiency test

4.2. Experimental Setup

MLLM Perception Engine To execute the zero-shot se-
mantic perception and anchor extraction, we intentionally
deploy Gemini 2.0-Flash as our primary Vision-Language
Model (VLM) backend as we explicitly avoid performance
improvement by merely utilizing heavier, more powerful
models such as Gemini 1.5-Pro or Gemini 3.0-Flash.
Implementation Details To evaluate the versatility and ef-
fectiveness of our proposed Bayesian Knowledge Graph,
we implement HeckNav as a lightweight, plug-and-play
cognitive enhancer built upon the state-of-the-art WMNav
architecture.

Crucially, we do not alter or bypass WMNav’s origi-
nal computational pipeline, nor change any config from
the WMNav. The core sensory modules and the com-
plex curiosity-driven world-model simulations are fully re-
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MP3D HM3D

Method VLM Reason/Plan SR (%)+ SPL (%)} | SR(%)1 SPL (%)
CoW [5] CLIP FM - - 9.2 49
VLFM [33] BLIP FM + DDPPO 36.4 17.5 52.5 30.4
ESC [38] GLIP DeBERTa v3 28.7 14.2 39.2 22.3
L3MVN [35] Mask R-CNN RoBERTa-large - - 50.4 23.1
VoroNav [27] BLIP GPT-3.5 - - 42.0 26.0
HOZ++ [37] CNN+GCN GPT-R 37.0 15.2 - -
SG-Nav [31] LLaVA-1.6 (7B) GPT-4 40.2 16.0 54.0 24.9
WMNav [20] Gemini-1.5-Pro Gemini-1.5-Pro 45.4 17.2 58.1 31.2
WMNav [20] Gemini-2.0-Flash  Gemini-2.0-Flash 433 15.3 54.1 28.5
HeckNav Gemini-2.0-Flash  Gemini-2.0-Flash 44.7 154 57.2 29.9

Table 1. Comparison of performance on the MP3D and HM3D datasets. We seperate the models used for detection and planning.

tained to ensure a strictly fair baseline comparison. Instead,
our HeckNav module is integrated orthogonally: while
WMNav simulates implicit future states, our pre-computed
topological and probabilistic graph acts as an explicit cog-
nitive guide. By injecting our Semantic Navigation Chains
into the agent’s reasoning loop, HeckNav provides statisti-
cal priors that assist and constrain the heavy MLLM compu-
tations, effectively preventing the agent from hallucinating
highly improbable spatial layouts.

4.3. Comparison with SOTA Methods

As HeckNav’s KG extract from MP3D, we will compare the
performance of HeckNav method on MP3D and HM3Dv1
dataset for generalizability in Table 1. Because Gemini-1.5-
pro api is not access at the time of experiment, we pick a
less powerful model to compare with WMNav. FM means
Frontier Map, DDPPO means Decentralized Distributed
Proximal Policy Optimization

The result shows that even with model degradation from
1.5-pro to 2.0-flash, HeckNav has a good improvement over
WDMNayv, and still outperform most SOTA models. This re-
sults shows that explicit reasoning module would benefit the
VLM’s performance.

In addition to ultra-lightweight and fast inference, the
module, based on Bayesian inference, can track the prob-
ability of possible paths and generate a colored graph rea-
soning process for explainability.

4.4. Robustness Study

4.4.1. Performance on Different Models and Datasets

As the ultimate goal is to deploy the agent on local,
resource-constrained devices, we evaluate HeckNav against
the WMNav baseline using Qwen-VL series in Table 2,
across the HM3Dv1l and HM3Dv2 datasets. Traditional
navigation metrics fail to analysis the model hallucina-

tion. Therefore, in this comparison, we introduce three
additional perception-centric metrics: Hallucination Rate
(Hal.), Precision (Prec.), and F1-score.

* Hallucination Rate (Hal.): Every VLMs have potential
of visual hallucinations, often claiming to see a target ob-
ject that is not present. As a result, the success rate won’t
achieve 100% as the robot already stop and claim a false
positive stop.

* Precision (Prec.): Addition to Hallucination Rate, this
metric measures that when robot claim it reaches a goal,
what’s the actual rate it has reach the goal.

¢ F1-score: By providing the harmonic mean of precision
and recall, the F1-score offers a holistic evaluation of
the agent’s semantic perception capabilities during explo-
ration.

By incorporating these metrics alongside SR and SPL,
we prove that HeckNav not only improves physical naviga-
tion efficiency but enhances the semantic and cognitive re-
liability of open-source local models. We also find that use
a more powerful VLM model will not only lead to higher
success rate but also higher hallucination rate. '

4.4.2. HM3Dv2 Comparison

Due to curiosity about the performance of HeckNav on lat-
est Qwen3-VL-8B-Instruct, we compare it with other SOTA
models that has HM3Dv2 dataset tested in table 3. We
find that even with local deployed Qwen3 8B model, the
performance of HeckNav is still competitive to those GPT
or Gemini based API-calling models. It outperforms those
GPT-4 based framewoks on the success rate, and the SPL
also achieves second place in the table. What’s more, the
entire framework takes about 23G' B of VRAM including

'Due to computational constraints, these experiments are not exhaus-
tive. However, both HeckNav and the baseline are tested on the exact same
500 episodes to ensure fairness.
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Model Method | HM3Dv1 [24] | HM3Dv2 [30]
| SRt SPLt Hal| Prect FIt | SRt SPLt Hall Prec.t FIt

Qwen-2.5(7B) WMNav | 392 184 134 745 514|516 211 80 866 64.7
wene. HeckNav | 452 205 138 766 569 |53.6 229 6.0 899 67.2
Qwen-3(8B) WMNav | 551 280 172 762 640|660 281 11.1 856 745
wen HeckNav | 56.7 29.7 160 780 657 | 69.3 299 105 869 77.1

Table 2. Performance evaluation using Qwen on HM3D. All metrics are reported as percentages (%). By using explicit reasoning with the
HeckNav graph, the agent consistently achieves higher SR and semantical F1-scores are also notably outperform across different datasets.

deploy Qwen3-VL-8B, which makes it possible to transfer
to local device later on.”

4.5. Failure Case Analysis

Despite the substantial performance gains, we conducted a

thorough investigation into the failure cases of HeckNav to

identify remaining challenges in semantic navigation. Our
analysis reveals three primary modes of failure:

1. Dataset Artifacts and Initialization Constraints: In
certain MP3D episodes, the agent spawns exterior to the
building structure, devoid of any meaningful indoor se-
mantic reference objects. This initialization fundamen-
tally contradicts the core premise of the indoor Object-
Nav task. Without valid visual anchors (O,ps = (), our
Bayesian graph struggles to formulate an initial seman-
tic belief P(R.u.+), inadvertently degrading the overall
success rate for these outlier episodes.

2. Local Trapping in Expansive Regions (Memory
Mechanism Deficits): When navigating massive, open-
plan spaces (e.g., churches or grand halls), the agent may
exhibits localized roaming behaviors, repeatedly visiting
the same sub-regions before eventually breaking out of
the loop. Although the agent often ultimately reaches the
target, this redundant exploration severely penalizes the
SPL metric.

3. Out-of-Distribution (OOD) Semantic Contexts: Cer-
tain episodes require navigating toward highly uncom-

223GB of VRAM is tested on RTX 6000 pro with 22%
gpu_memory__utilization plus running simulation. It’s not the exhaustive
experiments that are conducted by running 50 instance at the same time.

Method VLM (Largest) SR (%)1 SPL (%) 1
L3MVN [35] Mask R-CNN 36.3 15.7
SG-Nav [31] GPT-4 54.0 24.9
InstructNav [18] GPT-4V 58.0 20.9
SGM [36] GPT-4 60.2 30.8
DORAEMON [8] Gemini-1.5-Pro 66.5 20.6
HeckNav (Ours) Qwen3-VL (8B) 64.6 28.5

Table 3. Comparison with SOTA methods on the HM3Dv2.

mon target objects (e.g., gym equipment) starting from
atypical locations (e.g., a lobby). These rare seman-
tic pairs possess near-zero co-occurrence probabilities in
our statistical prior. Consequently, the agent may be-
come trapped in the starting region, unable to establish a
confident semantic chain. Notably, these OOD scenarios
are also nearly impossible for baseline frameworks re-
lying purely on zero-shot LLM/MLLM reasoning, high-
lighting a shared bottleneck in current Embodied Al

4. Complexity of Environment Detection: The idea of
knowledge graph is to separate rooms by the mostly cor-
related items detected. However boundaries between
rooms are not clear (e.g. livingroom and kitchen may
connected without walls), or the object behind doors or
windows will be detected to undermine the result of lo-
calization.

This analysis suggests that future iterations could heav-
ily benefit from an explicit spatial memory mechanism,
where the agent dynamically updates its topological graph
by masking previously visited nodes and penalizing the
traversal weights of explored regions. Such an episodic
memory would not only prevent redundant looping to dras-
tically improve SPL, but also force the agent to explore
novel frontiers when trapped in OOD semantic contexts.

5. Conclusion

In this paper, we introduce HeckNav, a zero-shot,
neuro-symbolic navigation module that integrates explicit
Bayesian probabilistic inference with MLLMs. By extract-
ing priors into an ultra-lightweight Knowledge Graph mod-
ule with , HeckNav effectively offloads complex spatial rea-
soning from the MLLM to generate deterministic, length-
normalized semantic chains. Operating as a plug-and-play
module over the state-of-the-art WMNav, our framework
achieves up to a 3.1% absolute improvement in Success
Rate using Gemini 2.0-Flash, and consistently outperform
baseline (1.6% to 6.0% SR, 1.8% SPL) using local models
using Qwen. Furthermore, our explicit graph formulation
enables real-time visualization of path-finding decisions,
leveraging the interpretability gap in current black-box Em-
bodied Al systems.
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