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Figure 1. HarnessVLN: One Harness for Navigation across Tasks and Environments. A unified Agent Harness and tool
interface support navigation tasks, delivering strong performance across four benchmarks and enabling deployment on a humanoid
robot in real-world environments.

Abstract
Embodied navigation requires agents to ground instructions or object goals in spatial observations and translate plans into
successful execution. As multimodal large language models (MLLMs) become increasingly capable, they offer stronger support
for navigation without task-specific training; however, improved semantic reasoning alone does not ensure that proposed actions
remain consistent with spatial evidence, task progress, and execution outcomes. We introduce HarnessVLN, a zero-shot,
training-free framework that unifies instruction-following and object-goal navigation through a shared Agent Harness. The
Harness coordinates perception, memory, and execution tools through a unified interface, validating planner proposals for
evidential support, geometric feasibility, and subgoal consistency before dispatch. It jointly manages hierarchical event
memory and a persistent Spatiotemporal Graph to track task progress, preserve spatial evidence, and contextualize failures.
Structured execution feedback updates this shared state, guiding subsequent planning, recovery, and termination. Across R2R,
RxR, HM3D-v2, and HM3D-OVON, HarnessVLN achieves success rates of 60.8%, 53.9%, 76.0%, and 59.3%, respectively,
outperforming prior training-free state-of-the-art methods. Humanoid robot deployment further demonstrates its applicability to
both navigation tasks in real-world environments. The project page is available at https://agibot-harnessvln.netlify.app/.
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1 Introduction
Navigation is a foundational capability of embodied agents, enabling them to reach specified locations for further
interaction with the physical world. Instruction-following and object-goal navigation represent two central forms of this
capability, requiring agents to follow a route described in language or locate a specified object, respectively (Zhang et al.,
2025a; Chu et al., 2026). Despite their different task definitions, both require agents to ground language in partially
observed environments, continuously accumulate spatial knowledge, and ultimately reach the destination.

Training-based methods acquire these capabilities from task-specific demonstrations or large-scale trajectory data,
mapping visual observations and language inputs to navigation actions (An et al., 2025; Zhu et al., 2025; Wei et al.,
2026a; Yu et al., 2026). Although effective on specific tasks, extending these methods to new task formulations or
environments requires additional training data for adaptation. Pretrained multimodal large language models (MLLMs)
offer an alternative: leveraging their semantic knowledge and reasoning capabilities to interpret instructions, identify
targets, and guide exploration without task-specific navigation training (Yokoyama et al., 2024a; Chen et al., 2026; Li
et al., 2026a; Podgorski et al., 2025).

However, in existing MLLM-based navigation systems, the model primarily serves as a planner within a task pipeline:
perception modules provide observations, the planner proposes subgoals, and downstream modules perform spatial
grounding and action execution. This design relies heavily on the MLLM’s semantic reasoning, while evidence retention,
proposal validation, and failure handling lack a unified mechanism for coordinating their responsibilities. This exposes
a central challenge: ensuring that the actions proposed by the MLLM advance the agent toward task completion as
spatial knowledge and navigation progress continually evolve.

This challenge becomes more pronounced as navigation proceeds: execution failures can cause planning to diverge
from the actual task state, recognizing a target does not establish arrival, and issuing an action does not establish subgoal
completion. Addressing these gaps requires a runtime mechanism that jointly tracks spatial evidence, task progress, and
execution outcomes. Agent harnesses provide a foundation for this coordination by organizing reasoning models, tools,
memory, and environmental feedback within a unified framework (Lu et al., 2026; Zhang et al., 2026b). Applying this
approach to navigation requires explicit spatial and temporal grounding: evidence must preserve where and when it was
acquired, proposed targets must be reachable and relevant to the task, and execution outcomes must inform subsequent
planning, recovery, and termination.

We introduce HarnessVLN, a zero-shot, training-free framework that supports instruction-following and object-goal
navigation through a shared Agent Harness, as illustrated in Figure 1. The Harness coordinates perception, retrieval,
grounding, navigation, recovery, and termination through a unified tool interface. The MLLM planner proposes semantic
operations, which the Harness validates against supporting evidence, geometric feasibility, the active subgoal, and
relevant failure history before dispatch. Structured execution feedback then updates the agent’s state and informs the
next decision. This shared interaction protocol accommodates both established navigation tasks through task-specific
progress representations and completion criteria.

HarnessVLN maintains two complementary forms of memory to sustain coordination across decisions. Hierarchical
event memory records decision context, subgoal progress, and execution events, while a persistent Spatiotemporal
Graph (ST Graph) organizes spatial evidence, observation provenance, and associated failure records. Together, they
enable the Harness to retrieve relevant experience, validate proposals against accumulated evidence, and guide recovery
after failed attempts. A replaceable Navigation Executor converts validated targets into paths and motion commands,
while stop validation checks whether the available semantic and spatial evidence supports task completion.

We evaluate HarnessVLN on VLN-CE R2R and RxR for instruction-following navigation and on HM3D-v2 and
HM3D-OVON for object-goal navigation (Anderson et al., 2018; Ku et al., 2020; Yadav et al., 2023; Yokoyama et al.,
2024b). Using the same framework across all four benchmarks, HarnessVLN achieves success rates of 60.8%, 53.9%,
76.0%, and 59.3%, respectively, exceeding the best compared training-free results by 5.8, 12.1, 1.6, and 9.1 percentage
points. Deployment on a humanoid robot further demonstrates the framework’s applicability to navigation in real-world
environments.

Our main contributions are:

• We introduce HarnessVLN, a training-free framework that supports instruction-following and object-goal
navigation through a shared Agent Harness and a unified tool interface.
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• We develop a navigation runtime that combines hierarchical event memory and a persistent ST Graph with
proposal validation and execution feedback, supporting evidence-grounded action, failure recovery, and verified
termination.

• We demonstrate improved performance over prior training-free methods across four navigation benchmarks and
validate the framework’s real-world applicability through humanoid robot deployment.

2 Related Work
Training-Based Embodied Navigation. Training-based methods learn navigation policies from task-specific demon-
strations or large-scale trajectory data (Chu et al., 2026; Xue et al., 2026; Wei et al., 2026b; Cheng et al., 2025; Zeng et al.,
2026). NaVid (Zhang et al., 2024) predicts actions from monocular video and instructions, while Uni-NaVid (Zhang
et al., 2025a) and NavFoM (Zhang et al., 2026a) extend unified policy learning across tasks and platforms. Although
effective, these approaches rely on navigation-specific data and training, and adapting them to new task settings may
require additional supervision. HarnessVLN requires no task-specific navigation training, using a general-purpose
MLLM for semantic planning and a replaceable Navigation Executor for path planning and control.

Zero-Shot Embodied Navigation. Zero-shot navigation transfers semantic knowledge from pretrained language and
vision models without task-specific navigation training. Object-goal methods combine open-vocabulary perception
or commonsense reasoning with mapping and exploration (Gadre et al., 2023; Zhou et al., 2023; Yu et al., 2023;
Yokoyama et al., 2024a; Zhang et al., 2025b), while instruction-following methods use language models for instruction
decomposition, progress tracking, and target selection (Zhou et al., 2024; Long et al., 2025; Gao et al., 2026; Ding
et al., 2026). These systems typically coordinate perception, memory, planning, and control through task-specific
pipelines. HarnessVLN organizes these capabilities within a shared Agent Harness that maintains spatial evidence and
task progress, validates proposed operations, and incorporates execution feedback to guide recovery and termination
across both navigation tasks.

Agent Harnesses in Embodied Systems. Agentic embodied systems coordinate pretrained models, tools, memory, and
execution feedback beyond monolithic policies (Shao et al., 2026; Liang et al., 2023; Huang et al., 2023; Fu et al., 2026;
Ichter et al., 2023; Li et al., 2026b; Yang et al., 2025; Chen et al., 2025). Aspire (Lu et al., 2026) generates and repairs
robot programs, while Harness VLA (Zhang et al., 2026b) coordinates reusable manipulation primitives with analytical
tools. These systems primarily target manipulation. HarnessVLN extends the agent-harness paradigm to long-horizon
navigation by combining tool-mediated execution, event memory, and a persistent ST Graph within a unified runtime for
instruction-following and object-goal navigation.

3 HarnessVLN: A Harness-Mediated Embodied Navigation Agent
As shown in Fig. 2, HarnessVLN uses an Agent Harness to coordinate planning, memory, and tool execution. We
introduce its decision process, tool interface, and event memory (Section 3.1), followed by the Harness-managed
ST Graph for spatial retrieval and updates (Section 3.2), and grounded execution with evidence-based termination
(Section 3.3).

3.1 Agent Harness

3.1.1 Harness-Mediated Decision Making

At decision step t, the Harness maintains the state

St =
(
x, ωt, pt, zt,Mt, Gt

)
, (1)

where x denotes the task specification, namely a route instruction or target object category; ωt is the current pose-aligned
RGB-D observation and local geometric map; pt is the agent pose; zt represents task progress;Mt is a hierarchical
event memory that records task-centric events and their execution contexts; and Gt is a persistent ST Graph that organizes
environment-centric relations and evidence.
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Figure 2. Overview of HarnessVLN. The Agent Harness coordinates MLLM planning, hierarchical event memory, and the ST
Graph through a unified tool interface, forming a closed loop of context assembly, proposal validation, tool execution, and feedback
integration.

HarnessVLN provides a unified information interface for instruction following and ObjectNav, yielding an evidence-
conditioned decision cycle. For instruction following, zt records the active route segment, satisfied motion constraints,
and observed landmarks. For ObjectNav, it tracks explored regions, candidate target hypotheses, and their verification
status. These task-specific variables affect planning and termination criteria without changing the underlying Harness
protocol.

3.1.2 Unified Tool Interface
As summarized in Table 1, HarnessVLN exposes heterogeneous navigation capabilities through a unified tool interface.
Perception tools collect directional or panoramic RGB-D observations; retrieval and grounding tools obtain task-relevant
evidence from the current observation and the ST Graph and ground semantic subgoals to executable targets; navigation
and recovery tools invoke the Navigation Executor or return the agent to a previously visited location; and the termination
tool verifies task completion before stopping. This shared input–output contract allows individual tools to be replaced
without modifying the MLLM Planner or the Harness protocol.

Before dispatching a tool call, the Harness validates its arguments, the provenance and recency of its supporting
evidence, the geometric feasibility of the proposed target, and its consistency with the active subgoal. Each tool returns
structured feedback containing the execution status, relevant measurements, and failure evidence. The Harness uses this
feedback to update its internal state and the ST Graph, providing an updated context for the next planning decision.

3.1.3 Hierarchical Event Memory
The hierarchical event memoryMt is a task-centric record of the agent’s interaction history. It stores the events required
to interpret the current decision, track subgoal completion, and diagnose recent execution outcomes.

Working memory. Working memory stores the current observation, a bounded history of panoramic views, the active
target hypothesis, and recent tool feedback. It retains only the short-term context needed for the next decision and thus
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Table 1. Core tools exposed by HarnessVLN through a unified interface.

Tool Role Function

observe Perception Capture the current RGB-D observation and agent pose.
observe_panorama Perception Capture panoramic observations at predefined headings.
retrieve_memory Retrieval Retrieve task-relevant evidence from memory and graph.
ground_target Grounding Ground a subgoal to a candidate view and image region.
query_depth Perception Estimate the depth and uncertainty of a grounded region.
navigate_to Navigation Invoke the Navigation Executor for a validated target.
backtrack Recovery Return to a previously visited location and verify arrival.
request_stop Termination Validate task completion before terminating execution.

does not grow unboundedly with trajectory length.

Progress memory. Progress memory represents task decomposition and completion. Each subgoal has a unique
identifier and one of four states: pending, active, completed, or blocked. At most one subgoal is active at a time, and
completion must be supported by a pose-aligned observation or a successful tool result. This prevents the planner from
advancing the task solely.

Reflection memory. Reflection memory records complete subgoal-specific execution events, including unreachable
targets, inconsistent grounding, collisions, lack of progress, failed backtracking, and rejected stopping requests. Each
record retains an event identifier, task context, location, timestamp, tool feedback, and supporting observation. Reflection
memory remains the authoritative source for these event-level traces. When a failure has reusable spatial implications,
the Harness writes only a lightweight annotation and a reference to the original event into the ST Graph. This separation
enables failure-aware retrieval without duplicating the full execution history.

3.2 Harness-Managed Spatiotemporal Graph

The ST Graph Gt maintains an environment-centric abstraction of the agent’s accumulated experience. Unlike event
memory, which preserves task execution history, the graph consolidates reusable spatial structure and time-indexed
evidence for replanning and recovery. It persists across subgoals while tracking when and where each observation was
acquired, allowing the Harness to distinguish current evidence from stale or superseded hypotheses.

Persistent representation. We define the graph as

Gt =
(
VP
t ∪ VE

t , Et, Tt
)
, (2)

where VP
t and VE

t are place and entity nodes, Et contains typed spatial relations, and Tt stores timestamps and
lightweight event annotations. Place nodes summarize visited locations, supporting observations, and traversable
waypoints. Spatially compatible observations are merged into an existing place; otherwise, a new node is created.
Consecutive places are connected by bidirectional NavigableTo edges, forming a persistent topology for forward
navigation and backtracking.

Entity nodes represent ObjectNav targets and instruction-referenced landmarks through semantic aliases, spatial
hypotheses, confidence estimates, and supporting views. ObservedFrom edges preserve the viewpoints and times at
which an entity was observed, while Contains edges encode coarse place–entity associations. This provenance allows
the Harness to retrieve both a target hypothesis and the evidence required to verify it.

Task-conditioned retrieval. Before each MLLM decision, the Harness ranks place nodes according to the active
subgoal gt:

s(vi | gt) = R(vi, gt) + λrecC(vi) + λsalA(vi)− λfailP (vi, gt), (3)

where R, C, and A measure semantic relevance, recency, and spatial salience, respectively, and P penalizes applicable
prior failures. The top-K places are augmented with nearby nodes and their associated entities, waypoints, spatial
relations. This produces a compact retrieval setRt, allowing the graph to grow without increasing the MLLM context
with trajectory length.
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Algorithm 1 Harness-Mediated Navigation
Require: Task x and initial observation ω0

1: Initialize S0, event memoryM0, and Spatiotemporal Graph G0
2: while St is non-terminal do
3: if ωt is inconsistent with the current pose then
4: ωt ← Observe
5: end if
6: Mt ← RecordEvent(Mt, ωt)
7: Gt ← ConsolidateGraph(Gt,Mt)
8: gt ← ActiveSubgoal(zt)
9: Rt ← RetrieveExperience(Gt, gt, pt)

10: ϕt ← AssembleContext(St,Rt)
11: ct ← πθ(ϕt)
12: ĉt ← Validate(ct,St)
13: yt ← DispatchTool(ĉt)
14: St+1 ← UpdateHarnessState(St, yt)
15: end while
16: return verified terminal state and trajectory

Failure-aware updates. Failures with reusable spatial implications are attached to the corresponding place, entity, or
relation as lightweight annotations. Each annotation records its subgoal condition, failure type, timestamp, applicability
weight, and a reference to the complete event-memory record. Its relevance decreases when the subgoal changes or new
evidence invalidates the failure, and increases when consistent failures recur. The graph therefore provides a spatial
index for recovery, while event memory remains the complete record of task execution.

3.3 Grounded Navigation Execution

The MLLM proposes semantic navigation commands, whereas physical execution requires grounded targets and
executable controls. HarnessVLN therefore exposes the Navigation Executor as a Harness-managed tool: the Harness
grounds and validates each command, while the Executor performs path planning and local control.

Target grounding and execution. For each command ct, the Harness resolves its target from the current observation
and the ST Graph. A command is dispatched only if the target is supported by available evidence, geometrically
reachable, and consistent with the active subgoal and applicable failure history. The Navigation Executor converts the
validated target into an executable route and returns structured feedback, such as arrival, collision, unreachability, or lack
of progress. This feedback updates the Harness state, event memory, and graph. Forward navigation and backtracking
therefore follow the same validation–execution–update loop.

Evidence-based termination. Termination is mediated by the Harness. The MLLM may propose stopping but cannot
directly issue an environment-level Stop action. A request is accepted only if

Fstop = Fsemantic ∧ Fgeometric ∧ Fprogress, (4)

where the three terms verify target identity, geometric validity, and task completion. For object-goal navigation, the
target must be visually supported and lie within the stopping radius. For instruction following, the current evidence must
support the final route segment, referenced landmark, and grounded endpoint. A rejected request is recorded in event
memory and triggers further observation, target refinement, approach, or backtracking. Stopping is thus determined by
embodied evidence rather than planner confidence alone.

Algorithm 1 summarizes the runtime procedure.

4 Experiments
We evaluate HarnessVLN on instruction-following and object-goal navigation to assess its effectiveness across task
families without task-specific navigation training. We further conduct cumulative ablations to examine how hierarchical
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event memory, the Spatiotemporal Graph, and stop validation affect success, efficiency, and termination behavior.

4.1 Experimental Setup

Instruction-following navigation. We evaluate on the continuous-environment R2R and RxR benchmarks in MP3D.
We report Success Rate (SR), Success weighted by Path Length (SPL), Oracle Success Rate (OSR), normalized Dynamic
Time Warping (nDTW), and Navigation Error (NE).

Object-goal navigation. We evaluate on the HM3D-v2 ObjectNav and HM3D-OVON validation splits, containing
1,000 and 3,000 episodes, respectively, in HM3D-Semantics v0.2 scenes. HM3D-v2 uses fixed object categories,
whereas HM3D-OVON evaluates open-vocabulary targets.

4.2 Implementation Details

The agent receives synchronized RGB and depth observations at a resolution of 640×480 with a 79◦ horizontal field
of view. GroundingDINO (Liu et al., 2024) and SAM (Kirillov et al., 2023) provide open-vocabulary target regions
and segmentation masks, respectively. The Navigation Executor uses an FMM planner for planar motion and invokes
NavDP (Cai et al., 2025) when stair traversal is required. For a fair comparison, we use GPT-5.5 as the base model for
instruction-following navigation and GPT-5.6-luna for object-goal navigation.

4.3 Main Experiments

Table 2 shows that HarnessVLN achieves the highest training-free SR on R2R and RxR. On R2R, it outperforms
AgenticNav with the same GPT-5.5 by 5.8 percentage points in SR and 7.7 points in OSR, reducing NE from 5.19 m to
4.01 m. Its OSR of 72.7% also exceeds all listed training-based methods. On RxR, HarnessVLN improves over HSGM
by 12.1 points in SR and 12.9 points in SPL, reduces NE by 1.01 m, and maintains comparable nDTW (54.8% versus
54.9%), indicating improved completion and path efficiency with similar trajectory fidelity.

For ObjectNav, HarnessVLN achieves the highest training-free SR on HM3D-v2 at 76.0%, surpassing MSGNav by
1.6 points and approaching the best listed training-based result of 77.0% (Table 3). On HM3D-OVON, it achieves the
highest SR and SPL among all listed methods at 59.3% and 36.6%, outperforming DRIVE-Nav by 9.1 and 4.0 points,
respectively. Its SR also exceeds the strongest listed training-based result, achieved by ABot-N0, by 5.3 points. These
results demonstrate strong task completion across both navigation families through a shared Harness protocol without
task-specific navigation training, although efficiency gains vary across benchmarks.

4.4 Ablation Studies

We cumulatively enable hierarchical event memory (Mem.), the ST Graph (Graph), and stop validation (Stop) on fixed
100-episode subsets of R2R and HM3D-OVON, holding the base model and evaluation settings fixed within each task.
As shown in Table 4, event memory improves SR by 8.0 and 7.0 percentage points, respectively, while graph-based
retrieval adds 6.0 and 1.0 points and improves SPL on both subsets. Stop validation further increases SR by 4.0 and
2.0 points. It reduces the R2R OSR–SR gap from 15.0 to 13.0 points, but slightly increases the HM3D-OVON gap
from 18.0 to 19.0 points and lowers SPL from 34.2% to 33.0%. Thus, its completion gains do not uniformly improve
efficiency or termination behavior. Overall, the full Harness improves SR by 18.0 and 10.0 points over the base agent
and reduces the OSR–SR gap on both tasks, supporting the combined design. These cumulative comparisons measure
each component’s incremental contribution given those already enabled.

5 Real-World Deployment
We deploy HarnessVLN on a humanoid robot. All tasks use the same Harness protocol, without training task-specific
policies in the deployment environment.

5.1 Robot Platform and System Configuration

The AgiBot A3U is a full-size humanoid robot measuring 1.74 m in height. It is equipped with a 3D LiDAR and
multiple RGB-D and fisheye cameras, with an onboard computing architecture based on NVIDIA Thor. We use the
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Table 2. Comparison with existing supervised and training-free methods on the VLN-CE R2R and RxR val-unseen splits. NE is
reported in meters, while all other metrics are reported as percentages.

Method VLN-CE R2R Val-Unseen VLN-CE RxR Val-Unseen
NE↓ OSR↑ SR↑ SPL↑ NE↓ SR↑ SPL↑ nDTW↑

Supervised Learning (Training-Based Methods)
NaVid [RSS24] 5.47 49.1 37.4 35.9 8.41 34.5 23.8 –
Uni-NaVid [RSS25] 5.58 53.3 47.0 42.7 6.24 48.7 40.9 –
LookStep [EMNLP26] 5.34 55.9 49.7 45.3 6.89 46.9 39.9 –
NaVILA [RSS25] 5.22 62.5 54.0 49.0 6.77 49.3 44.0 58.8
ETPNav [TPAMI24] 4.71 65.0 57.0 49.0 5.64 54.7 44.8 –
InternVLA-N1 [ICLR26] 4.83 63.3 58.2 54.0 5.91 53.5 46.1 65.3
MapDream [ICML26] 4.59 64.4 59.8 54.4 4.96 59.4 49.2 –
NavFoM [ICLR26] 3.78 70.8 61.7 55.3 3.83 64.4 56.2 –
ABot-N0 [CVPR26] 3.78 70.8 66.4 63.9 3.83 69.3 60.0 –

Zero-Shot (Training-Free Methods)
Open-Nav [ICRA25] 6.70 23.0 19.0 16.1 – – – –
CA-Nav [TPAMI25] 7.58 48.0 25.3 10.8 10.40 19.0 6.0 13.5
InstructNav [CoRL24] 6.89 47.0 31.0 24.0 – – – –
GC-VLN [CoRL25] 7.30 41.8 33.6 16.3 8.80 33.8 13.8 –
HSGM [CVPR26] 5.42 58.7 47.9 32.8 7.43 41.8 25.1 54.9
AgenticNav-GPT-5.5 [Arxiv26] 5.19 65.0 55.0 48.41 – – – –
HarnessVLN-GPT-5.5 (Ours) 4.01 72.7 60.8 43.5 6.42 53.9 38.0 54.8

Table 3. Comparison with existing methods on HM3D-v2 and HM3D-OVON. Training indicates whether task-specific navigation
training is required. All metrics are reported as percentages.

Method Training HM3D-v2 HM3D-OVON
SR↑ SPL↑ SR↑ SPL↑

Uni-NaVid [RSS25] ✓ 73.7 37.1 39.5 19.8
FiLM-Nav [arXiv25] ✓ 77.0 41.3 40.8 24.4
MTU3D [ICCV25] ✓ – – 40.8 12.1
NavFoM [ICLR26] ✓ – – 43.6 31.3
ABot-N0 [CVPR26] ✓ – – 54.0 30.5

InstructNav [CoRL24] ✗ 58.0 20.9 – –
TANGO [ICRA25] ✗ – – 35.5 19.5
VLFM [ICRA24] ✗ 63.6 32.5 38.5 22.2
STEGNav [arXiv26] ✗ 69.4 28.2 – –
DRIVE-Nav [arXiv26] ✗ 72.4 41.3 50.2 32.6
MSGNav [CVPR26] ✗ 74.4 33.4 48.3 27.0
HarnessVLN (Ours) ✗ 76.0 37.9 59.3 36.6

head-mounted stereo cameras as the primary visual sensors. Fast FoundationStereo estimates dense metric depth from
synchronized stereo images. Qwen-3.8-27B serves as the planning model within the Harness, while a local path planner
converts validated spatial goals into executable waypoints and motion commands.
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Table 4. Cumulative ablation of HarnessVLN on fixed 100-episode subsets.

Harness Components Instruction Following (R2R) ObjectNav (HM3D-OVON)

Mem. Graph Stop SR ↑ SPL ↑ OSR ↑ Gap ↓ SR ↑ SPL ↑ OSR ↑ Gap ↓

✗ ✗ ✗ 46.0 23.7 72.0 26.0 45.0 32.0 72.0 27.0
✓ ✗ ✗ 54.0 33.0 73.0 19.0 52.0 32.4 72.0 20.0
✓ ✓ ✗ 60.0 35.4 75.0 15.0 53.0 34.2 71.0 18.0

✓ ✓ ✓ 64.0 35.8 77.0 13.0 55.0 33.0 74.0 19.0

Walk to the intersection in front of Room 806, then turn left and stop at the trash can in 
front of the water dispenser. Finally, walk to the refrigerator.

Walk to the signboard by the entrance and stop there, then guide me to the vending machine.

Find the printer online.
Ego view

ST Graph

ST Graph

Figure 3. Real-world navigation examples: sequential instruction following, open-vocabulary object search, and a combined task
involving route following and object search.

5.2 Real-World Navigation Experiments

We evaluate HarnessVLN in three real-world settings (Figure 3): instruction following through the intersection outside
Room 806, followed by a left turn and a stop at the trash can near the water dispenser, before proceeding to the
refrigerator; open-vocabulary search for a printer; and a combined task that first requires stopping at the entrance
signboard and then locating a vending machine. Across these settings, the shared Harness tracks subgoal progress,
grounds landmarks and targets in visual observations, and validates stopping requests using semantic and spatial
evidence. The ST Graph retains landmark and target evidence across navigation stages, supporting continuity between
route following and object search. HarnessVLN manages task progress, spatial evidence, and stop validation through a
shared runtime protocol.

6 Conclusion
We presented HarnessVLN, a training-free framework that unifies instruction-following and object-goal navigation
through a shared Agent Harness. By coordinating MLLM planning, hierarchical memory, spatial evidence, and validated
tool execution, HarnessVLN bridges semantic reasoning and grounded action. Benchmark results demonstrate improved
task completion across both tasks, while humanoid deployment shows real-world applicability. The current Harness
relies on predefined orchestration and validation; future work will explore self-evolving mechanisms refined through
interaction in open environments.
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Appendix

1 Additional Experimental Settings
Benchmarks and model. We consider the same four benchmarks as the main text: VLN-CE R2R and RxR in
Matterport3D, and HM3D-v2 and HM3D-OVON in HM3D-Semantics v0.2. RxR uses guide instructions in US
English. A single pretrained MLLM serves all language and vision reasoning functions within an experiment, including
task decomposition, navigation planning, target grounding, stop verification, and recovery. These functions use
different prompts and share the same model. Following the main text, the base model is GPT-5.5 for the main
instruction-following experiments and GPT-5.6-luna for the main ObjectNav experiments. GroundingDINO, SAM,
FMM, and NavDP provide the perception and navigation tools described in the main text; no task-specific fine-tuning is
performed.

Simulation and context. Table 5 lists additional configuration details. A four-directional observation contains forward,
left, behind, and right views at relative headings of 0◦, 90◦, 180◦, and 270◦. Acquiring a full panorama consumes
twelve 30◦ rotations; these actions count toward the environment-step budget. Forward-view history is sampled every
two steps and thinned to fit the image budget, including current observations. The simulator seed is zero; stochastic
model responses can still introduce variation between runs.

Table 5. Additional configuration settings. Shared values apply to both task families. An environment step is one primitive simulator
action.

Setting Instruction following ObjectNav

Maximum environment steps 1,000 500
Task success distance 3.0 m 1.0 m
Forward step / turn angle 0.25 m / 30◦
Sensor height / agent radius 0.88 m / 0.10 m
Depth interval / map resolution [0.1, 5.0]m / 5 cm
History interval / image budget 2 steps / 50 images per request
Place / entity merge radius 0.75 m / 1.00 m
Retrieval seeds / place limit 3 / 5
Recency / salience weights 0.3 / 0.3
Failure penalty / penalty cap 0.5 per applicable failure / 1.0

Memory retrieval and generation. For the ST Graph score in the main text, semantic relevance is implemented using
local IDF-weighted cosine similarity. The top three seed places are expanded by one graph hop, and at most five places
are returned. Failure penalties are conditioned on the active subgoal and capped to avoid permanently excluding a
previously unsuccessful branch. The requested sampling temperature is 0.7 for initialization, planning, verification,
and recovery, and 0 for image-region grounding. Their output-token limits are 4,096, 8,192, 8,192, 2,048, and 10,240,
respectively.

Distance measurements. Benchmark success distance and the Harness’s geometric stopping measurements are distinct.
The latter use either fresh depth at a grounded region or distance to a projected navigation target. The corresponding
thresholds are 2.5 m and 1.0 m. Fresh depth is the median of a 5 × 5 patch at the bounding-box anchor, with a
maximum patch standard deviation of 0.5 m. Unavailable or unreliable depth triggers the projected-target fallback.
These measurements validate physical proximity; they do not replace the benchmark’s geodesic distance to the goal or
goal viewpoints.

Model Sensitivity and Framework Comparison. To assess model sensitivity and framework performance, we will
evaluate HarnessVLN with GPT-5.6-luna, Qwen3.8-flash, and GPT-6-astra, and re-evaluate MSGNav with
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Table 6. Model sensitivity and framework comparison on a fixed 100-episode HM3D-OVON subset.

Method Model SR ↑ SPL ↑ OSR ↑ Gap ↓

MSGNav GPT-5.6-luna 37.0 18.9 46.0 9.0

HarnessVLN
GPT-5.6-luna 55.0 33.0 74.0 19.0
GPT-6-astra 63.0 39.4 76.0 13.0
Qwen3.8-flash 51.0 32.8 75.0 24.0

GPT-5.6-luna, on the same fixed 100-episode HM3D-OVON subset (Table 6). Holding the Harness protocol, tools
fixed across models assesses model sensitivity, while comparing the two frameworks with a shared model evaluates
their performance under matched planner settings.

2 Unified Model Prompts
The same MLLM performs initialization, planning, grounding, verification, and recovery through function-specific
prompts. Each call receives the relevant task, labeled observations, TODO progress, retrieved ST Graph evidence, and
tool feedback. Below we show two key prompt excerpts, condensed for presentation; the JSON blocks illustrate selected
response fields.

Navigation planning: update progress before acting

Inputs: [instruction], [history], [current directional views], [TODO list], [retrieved memory], [feedback], [available
actions].

Review all TODO items using their stable todo_id, rather than list position. Keep at most one item active. Mark
an item completed only with a concrete observed result and its evidence; a blocked item requires a reason. Revisit
earlier items when later subgoals have already been completed.

Update progress first, then choose one offered navigation or backtracking action from the updated context. Set
stop when the instruction endpoint has been reached; pending TODOs do not prevent a stop request.

{ "todo_updates": [
{ "todo_id": "todo-1", "status": "completed",
"result": "<observed evidence of completion>",
"evidence_ids": ["ob-000001"] }

],
"action": "navigate to left",
"stop": false }

ObjectNav stop verification: identify and localize

Inputs: [target category], [current directional views].

Check that the target is clearly visible and belongs to the requested category; reject look-alikes. Do not estimate
distance from RGB: the depth tool measures it. If confident, select the clearest view and return a tight box around
the object itself on a normalized [0, 1000] scale. Otherwise return CONTINUE, a null view, and an empty box.

{ "analysis": "<visible evidence for the category>",
"decision": "STOP",
"target_view": "forward",
"bbox_2d": [350, 200, 600, 800] }
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Execution contract. A model’s stop decision is a request to the Harness, which applies the geometric checks in
Appendix 1 before issuing the simulator STOP action. Route verification checks the instruction endpoint, whereas
ObjectNav verification checks the target category. Boxes use [x1, y1, x2, y2]; normalized coordinates map to pixels as
xpx = Wx/1000 and ypx = Hy/1000 for a W ×H image.

3 Simulation Visualizations
We illustrate six recorded rollouts across the four benchmarks, using GPT-5.5 for R2R/RxR and GPT-5.6-luna for
ObjectNav, with one shared model across all reasoning functions in each rollout. These selected cases show execution
behavior and failure modes; they are not aggregate performance estimates.

3.1 Reading the visualization

Figure 4. Runtime dashboard. HM3D-v2 episode 536 at step 36. The numbered panels connect the observation, navigation state,
and progress memory; the key below describes their contents.

1 Run status: model, episode, step budget, action, and evaluator goal distance.
2 RGB observation: the current view and any grounding box recorded at that step.
3 Navigation map: occupancy, trajectory, and projected navigation targets.
4 Map key: agent, current/past targets, path, plan, obstacles, and explored area.
5 Harness state: decision, stop checks, ST Graph counts, and executor counters.
6 Task and action: the instruction or target category and current navigation choice.
7 TODO memory: subgoals, status updates, and supporting observations.

Interpretation. The map is a geometric navigation map; the ST Graph is summarized by counts in panel 5. The
header’s goal distance is an evaluator diagnostic, not an agent input. In the case figures, each row contains two recorded
RGB views and the final runtime map. Frame indices and stop-check event indices are reported separately; a verification
view can differ from the displayed forward RGB view. Captions report stop-check distances; terminal benchmark
distances are explicitly labeled as goal distances.
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3.2 Successful navigation across tasks

RGB: step 51 RGB: step 150 Map: step 150

Figure 5. R2R 650: reaching a route endpoint. The instruction asks the agent to cross the room and wait in the archway in front of
the podium. The projected-target check passes at step 149 (0.56 m); the episode succeeds at step 150 with a terminal goal distance of
2.39 m.

RGB: step 0 RGB: step 926 Map: step 926

Figure 6. RxR 154: a long instruction-following rollout. The route proceeds from stairs through dining and kitchen areas to a
corner near a glass door. The projected-target check passes at step 925 (0.49 m), and the episode succeeds at step 926 with a terminal
goal distance of 0.43 m, within the 1,000-step budget.

RGB: step 36 RGB: step 95 Map: step 95

Figure 7. HM3D-v2 536: finding a chair. The early view grounds a passage into the seating area; the later view shows the final
position. A fresh-depth check passes at step 94 (0.64 m), followed by success at step 95 with a terminal goal distance of 0.05 m.
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3.3 Stopping decisions and failure cases

RGB: step 216 RGB: step 430 Map: step 430

Figure 8. HM3D-OVON 1297: a rejected stop followed by success. While searching for a picture, fresh depth rejects stopping at
step 216 (4.65 m), despite a projected-target distance of 0.40 m. A later depth check passes at step 429 (1.53 m); the episode succeeds
at step 430 with a terminal goal distance of 0.13 m.

RGB: step 178 RGB: step 475 Map: step 475

Figure 9. R2R 839: failing to reach the instructed room. The task asks the agent to descend the stairs and enter the room on the
left. The projected-target check eventually passes at step 474 (0.998 m), but termination is 6.48 m from the goal. Proximity to the
selected target does not establish that the instruction endpoint is correct.

RGB: step 16 RGB: step 47 Map: step 47

Figure 10. HM3D-OVON 2469: passing the gate outside the success region. For the target category picture, fresh depth passes at
step 46 (1.20 m). The episode stops at step 47 with a benchmark goal distance of 2.15 m and fails. Sensor proximity and benchmark
success remain distinct.
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