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Abstract— Navigation Foundation Models (NFMs) trained
on large, cross-embodied datasets have demonstrated powerful
generalizability on various scenarios. Adopting in-domain fine-
tuning upon an NFM efficiently calibrates the visuomotor
policy, promising further improvement even in a novel sce-
nario. However, the fine-tuned models still suffer from poor
obstacle avoidance or fail to properly reach the provided
goals. Furthermore, such model updates in a small subset
of data typically erode the pretrained prior, compromising
the pretraining generalization. Consequently, fine-tuning rather
deteriorates the model’s capability of robust and accurate
navigation. In this work, we present a novel fine-tuning method
that leverages large-scale pretraining while efficiently learning
in novel setups, such as environments or camera configurations.
In particular, inspired by ControlNet, we fine-tune an NFM by
attaching a trainable copy of the pretrained backbone using
zero-initialized residual pathways, thereby learning geometric
cues. This design enables the model to efficiently acquire in-
domain geometry while preserving pretrained knowledge across
various behaviors. Despite its simplicity, our comprehensive
evaluation of real-world navigation suggests that our proposal
effectively enables robust long-horizon navigation with minimal
collisions and human intervention. Additionally, our offline
analysis shows that the proposed strategy maintains or further
improves action prediction capability beyond the fine-tuned
dataset, providing a key insight into continual learning for
general navigation.
The project page: https://toyotafrc.github.io/DCLING-Proj/

Index Terms— Vision-Based Navigation, Collision Avoidance,
Catastrophic Forgetting, Depth Estimation

I. INTRODUCTION

Visual navigation based on a sequence of images has

emerged as a fundamental paradigm in mobile robotics

research, encompassing diverse tasks [1, 2]. One of the

key enablers of them is imitation learning, where optimal

navigation policies are learned through the expert demon-

strations in an end-to-end manner [3, 4]. In particular,

Navigation Foundation Models (NFMs), such as ViNT [5]

and NoMaD [6], which employ imitation learning based on

the large-scale demonstration across various environments

and robots, have achieved reliable goal-reaching and obstacle

avoidance. Importantly, the scale and diversity of the training

dataset is critical for acquiring a diverse set of such reliable

behaviors [7]. Thus, NFMs typically employ an image-to-

action policy learning without additional sensory modalities

to enable massive, low-cost, and standardized pretraining.

However, NFMs still struggle to adapt to a novel scene and

robotic configuration, even when the setups are seemingly

close to those seen during pretraining. We attribute this
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Fig. 1. Failure scenes of zero-shot NoMaD [6]. In real-robot navigation,
we observe failures such as unsafe clearance (left) and distance misesti-
mation (right). In particular, the pretraining images [9, 10, 11, 12] exhibit
strong distortion relative to our experimental condition, impairing geometric
perception.

Fine-tuned

Fig. 2. Less divergent trajectory generation after fine-tuning. Based
on a shared start–goal and an observation point, we visualize N = 20

trajectories sampled from each model: Left: the zero-shot NoMaD (before
being fine-tuned); Right: the fine-tuned model. Fine-tuning yields markedly
lower diversity, with narrower spatial spread and reduced heading variance,
indicating a collapse of pretrained priors.

primarily to domain-shift in geometric perception, stemming

from differences in camera configurations and/or scene ge-

ometry. Indeed, we observed that providing more undistorted

images to the NFM than those used for pretraining, led to

failure more frequently (Fig. 1). To address such failures, a

well-known approach is full fine-tuning of the model, i.e.,

calibrating the entire policy backbone to new domains [5,

8]. Yet, we also observed that the problem persists even after

fine-tuning. Especially, the fine-tuned model is prone to gen-

erating less diverse trajectories, suggesting catastrophically-

forgetting of the pretrained knowledge (Fig. 2). In short,

techniques for efficiently using large-scale pretraining suffer

from two key difficulties: (1) a lack of accurate geometry

awareness, given a novel scene and/or embodiment, and (2)

insufficient behavioral diversity, which is crucial to dealing

with the various navigational scenarios.

In this work, we present a novel fine-tuning for

NFMs, D-CLING1 (Depth-conditioned, ControlNet-driven

1We named D-CLING, hoping the model cling the pretrained knowledge
of NFMs without catastrophically forgetting it in the depth-guided tuning.
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Fig. 3. Overview of our proposal: prior-preserving dense-depth condition-
ing, inspired by ControlNet [13]. Zero-initialized residual pathways inject
per-pixel depth into intermediate features, preserving the pretrained prior
and improving geometry-consistent obstacle avoidance across cameras.

LearnIng for General NaviGation Models), that leverages

large-scale pretraining while efficiently adapting to novel

environments and geometric perception (Fig. 3). The core

idea is fine-tuning a policy backbone with dense depth

conditioning to capture accurate scene geometry, using

ControlNet-style residual pathway learning [13]. The path-

way injects dense depth signals into the model’s intermediate

layers, progressively updating the parameters with geometry-

awareness. Hence, the fine-tuned model is expected to

preserve the original navigation capability while smoothly

increasing its in-domain geometry-awareness, resulting in

robust and accurate navigation at the end of the fine-tuning.

We evaluate D-CLING built upon NoMaD [6], a stan-

dard NFM pretrained on diverse domains. Our real-world

evaluation demonstrates that D-CLING offers a substantial

improvement in goal-reachability and collision avoidance

skills relative to the baselines: zero-shot NoMaD, the RGB

fine-tuned models, and the RGB-D fine-tuned models in

a common (early-fusion) strategy [14]. Additionally, our

offline analysis of both the fine-tuned and its pretrained

domain shows that D-CLING not only adapts to the former

but is also still powerful in the latter, indicating preservation

of the pretrained prior and further extending it.

In summary, the main contributions of this work are as

follows:

• Prior-preserving framework of navigation model’s

fine-tuning: We introduce a depth-conditioned adapta-

tion that retains pretrained policy priors while explicitly

injecting geometry-awareness.

• Comprehensive validation: We present comprehensive

experiments, showing that the scheme of D-CLING

achieves superior goal reachability and obstacle avoid-

ance in both real-robot deployments and offline evalu-

ations compared with typical baselines.

• Experimental evidence for future extension: We

exhibit that our proposed fine-tuning further extends

navigation performance beyond the fine-tuned domain,

suggesting the potential for future extensions of NFMs.

II. RELATED WORK

A. Visual Navigation

Traditional visual navigation pipelines were often mod-

ular [15], consisting of (1) mapping and localization [16],

(2) visual perception, such as terrain traversability or object-

category estimation [17], and (3) path planning and low-level

control. While the modular strategy performs well in rela-

tively simple environments [18], the hand-crafted interfaces

between modules may discard critical cues, thereby reducing

the robustness of the overall system.

In contrast, recent end-to-end strategies, such as reinforce-

ment learning [19] and imitation learning [6], challenge its

difficulty by acquiring critical queues from data with mini-

mal assumptions. In particular, imitation learning is gaining

significant traction because it avoids the laborious reward

engineering [20] and offers higher sample efficiency [1].

In addition, it can train the navigation policy directly

using real-world teleoperation logs, without relying on long-

horizon exploration. Accordingly, imitation-learning–based

navigation has been widely applied across diverse navigation

tasks, including PointGoal [21, 22], ImageGoal [8, 23, 24],

Object Navigation, Vision-and-Language Navigation [25, 26,

27], and Social Navigation [9, 28], among others.

Despite its practical advantages, imitation-learning-based

navigation remains vulnerable to domain shift in novel

domains, e.g., changes in layout/illumination [29] or camera

extrinsics/intrinsics [30], which can sharply reduce the task

success. To overcome these limitations, recent work has

introduced NFMs [6, 22, 31, 32], end-to-end-trained models

on large, heterogeneous datasets spanning multiple robots

and environments. Relying only on RGB lowers hardware

and data-collection costs, avoids multi-sensor calibration

and synchronization, and keeps datasets comparable across

platforms. Our work is built on such NFMs, and we have

further extended it without additional large-scale training,

yet with small-scale training.

B. Fine-tuning for Navigation Foundation Model

Fine-tuning is one of the most common practices for

further boosting the capabilities of zero-shot models, as

domain-specific knowledge is still a key source of task per-

formance [5]. This strategy offers strong sample efficiency,

enabling rapid adaptation from few demonstrations [33].

To fine-tune the visuomotor policy, a standard strategy

prioritizes downsizing and maintaining a same I/O —since

the model typically possesses (1) large-scale parameters to

handle a large amount of data and (2) can suffer from

catastrophic forgetting of the pretrained knowledge, such

strategies are promising for feasible yet efficient real-robot

adaptation. Indeed, based on the powerful zero-shot mod-

els [34, 35, 36], parameter-efficient adaptation (PEFT), such

as LoRA and adding adapter layers, has been shown to pre-

serve pretrained priors while enabling lightweight adaptation

in manipulation settings, mitigating the priors’ forgetting and

overfitting [37, 38, 39, 40].

In contrast to that philosophy, fine-tuning NFMs need

not always prioritize downsizing, as their parameter scale

is typically negligible. This is because the navigation task

must be real-time, and thus, the models are designed in

a lightweight manner even for NFMs [5, 6]. This nature

of NFM unlocks addressing the off-the-shelf use of the
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Fig. 4. D-CLING architectural design, built upon NoMaD [6]. A frozen pretrained RGB Branch (identical to the NoMaD architecture) maps an
RGB history and a goal image to intermediate features. In parallel, a trainable Depth Branch ingests RGB–D (with a 4 → 3 embedding) and injects
zero-initialized residual features into the U-Net-based diffusion model; the two streams are fused by element-wise addition at each U-Net stage during
training and inference. The diffusion head outputs a short-horizon action distribution, enabling prior-preserving depth conditioning.

large-scale backbone, and/or even running in parallel for

fine-tuning and inference. We thus employ ControlNet-like

fine-tuning as a key strategy [13], which rather prioritizes

preserving the diversity of data generation patterns over the

model’s memory footprint and its inference speed. Moreover,

the ControlNet-based update of the backbone is localized

rather than updating the entire backbone, which is less prone

to overfitting, even with a small-scale dataset [37, 38, 39].

Therefore, policy tuning can be achieved without a costly

dataset while maintaining pretrained knowledge.

Among recent works, LiReN is the most relevant to our

study, where a combination of offline RL pretraining and au-

tonomous online RL fine-tuning for NFMs is introduced [19].

Without relying on real-world exploration or an RGB-D

pretrained NFM backbone, we show that the ControlNet-

inspired strategy, D-CLING, efficiently robustified the NFM

policy under human-controlled demonstrations. Moreover,

we experimentally quantify that our proposal is more suitable

for preserving the pretrained knowledge than the naive RGB-

D fusion strategy (i.e., the early-fusion) [14], indicating the

insight for the future fine-tuning design beyond this work.

III. PROBLEM FORMULATION

The objective of this study is to learn a policy πθ that,

πθ :
(

õt−T :t, g
)

7−→ pθ(at:t+H | õt−T :t, g) , (1)

where a sequence of observations õt−T :t = (õt−T , . . . , õt)
and a goal image g provides a probability distribution pθ(·)
over future action sequences at:t+H = (at, . . . ,at+H),
thereby enabling a mobile robot to reach its goal using only

visual observations.

Here, õt ∈ R
h×w×4 denotes a single RGB-D observation

obtained by concatenation of the raw RGB image with the

depth map, assuming that a learning-based depth-estimation

network provides it. The goal information is provided as

a reference RGB image g ∈ R
h×w×3 depicting the target

viewpoint. h and w denote the image height and width,

respectively, and at ∈ R
2 is a 2-D action vector that

represents a waypoint in the current robot frame at time t.
The hyper-parameter H denotes the prediction horizon, while

T is the number of past frames used as input.

IV. METHODOLOGY

A. Preliminaries: NoMaD [6]

NoMaD [6] is illustrated in the upper half of Fig. 4. The

model receives the current RGB frame together with T -

frame RGB history ot = ot−T :t, and predicts a distribution

over the action sequence from the current step through H
future steps at = at:t+H . Visual features are extracted with

the Visual Navigation Transformer (ViNT) [5]. The current

frame ot and the goal image og are embedded by an encoder

ϕ(·), whereas the history window ot−T :t is embedded by a

separate encoder ψ(·). The resulting vectors are fed into a

Transformer block ftr(·) together, yielding the context vector

ct as:

ct = ftr
(

ψ(ot−T :t), ϕ(ot, og)
)

. (2)

Conditioned on ct, a diffusion model with parameters

θ defines the conditional distribution pθ(at:t+H | ct), from

which a sample is drawn:

ât:t+H ∼ pθ(· | ct) . (3)
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B. Overview of Proposed Method

Figure 4 presents our proposed framework adopted to a

representative NFM, NoMaD [6]. As in the original No-

MaD, the pretrained weight-frozen NoMaD backbone (RGB

Branch) maps a short RGB history and a goal image to ac-

tions. In parallel, a depth-conditioned branch (Depth Branch)

encodes the same RGB inputs together with a depth map

to produce conditioning features. Then, the model outputs

short-horizon waypoints.

C. Model Architecture

We freeze all layers of the pretrained NoMaD (RGB

Branch) and create a copy of them to form the Depth Branch.

Depth Branch receives an RGB-D frame õt ∈ R
h×w×4

and begins with a 4 → 3 embedding layer that projects

the four-channel input to three channels. All subsequent

modules follow NoMaD. Conditioned on the context vector

c′t, a U-Net-based diffusion model of Depth Branch produces

intermediate features. At every corresponding U-Net layer,

depth intermediate features are added to the RGB Branch.

Following ControlNet, we insert zero-initialized 1×1 con-

volutions immediately before the U-Net and immediately

after each U-Net layer on the Depth Branch. Let Fℓ(·; Θℓ)
denote the intermediate block at stage ℓ ∈ {1, . . . , L} of the

U-Net-based diffusion model of the RGB Branch, with input

feature hℓ and output yℓ = Fℓ(hℓ; Θℓ). Here, Θℓ denotes the

model parameters of Fℓ. In the RGB Branch, the parameters

Θℓ of Fℓ are frozen.

For the Depth Branch, we introduce a counterpart

F d
ℓ (·; Θ

d
ℓ ) and a single zero-initialized 1×1 convolution

Zℓ(·; Θ
z
ℓ ). With the depth-derived feature hdℓ , let udℓ =

F d
ℓ (h

d
ℓ ; Θ

d
ℓ ) be the intermediate feature of the U-Net based

diffusion model at stage ℓ. We form the block output as

the element-wise sum of yℓ and the zero-initialized 1×1
convolution applied to udℓ :

y′ℓ = yℓ + Zℓ

(

udℓ ; Θ
z
ℓ

)

. (4)

Importantly, the 1×1 fusion gate is zero-initialized as:

Θz
ℓ = 0 =⇒ ∀x : Zℓ(x; Θ

z
ℓ ) = 0 (5)

Hence, at the initialization phase, all the layer-wise outputs

yℓ behave as their original form, s.t., y′ℓ = yℓ = Fℓ(hℓ; Θℓ).
Thus, gradients update Depth Branch parameters gradually

via the zero-initialized fusion, while the RGB trunk remains

frozen.

Note that our approach is a relatively simple adoption

of the ControlNet philosophy to validate the proposal’s

impact. Although further extensions, e.g., a repulsive safety

head from monocular depth [41], externally providing a

3D map [42], can be integrated for future extensions, we

intentionally exclude them from this paper.

V. EXPERIMENTS

A. Fine-tuning Setups

Dataset construction. We collected synchronized RGB-

odometry sequences using a Toyota Human Support Robot

(HSR) [43] equipped with a ZED 2. For dense depth esti-

mation, we used a learning-based stereo-to-depth estimator

pretrained on in-house datasets [44]. The sequences are

collected in a large-scale office room. The space combines

standard office furniture with specialized robotics equipment

and experimental setups, resulting in a heterogeneous en-

vironment that challenges navigation with both typical and

atypical obstacles. The dataset also contains scenarios re-

quiring avoidance of dynamic obstacles, in addition to static

obstacles. This dedicated fine-tuning dataset, RealHSRNav,

is achieved in roughly three hours for demonstration data.

Note that RealHSRNav is used as the sole dataset for all

fine-tuning experiments reported in this paper.

Implementation details. To implement D-CLING, we fine-

tuned an off-the-shelf checkpoint of the NoMaD2 for

30 epochs on a single NVIDIA RTX 4090 GPU with a batch

size of 256 and a learning rate of 2.5 × 10−5. Following

the original study [6], we train with AdamW [45] using

a cosine learning-rate schedule with warm-up, optimizing

the parameters with respect to the unmodified NoMaD loss

function.

Importantly, our choice of the checkpoint and RealH-

SRNav dataset poses a domain-shift, particularly due to

differences in the camera field of view —though the model

was originally pretrained on fisheye-like images, mostly, the

equipped camera provides a pinhole-like projection (approx-

imately 110◦ horizontal). Thus, adequately calibrating scene

perception is needed to leverage the pretrained knowledge.

B. Baselines

We used the following ablative models to compare with

the proposed D-CLING:

NoMaD (Zero-Shot). We evaluate the same NoMaD check-

point for the fine-tuning variants, including our proposal.

We show that this zero-shot adoption frequently achieves

a runner-up position in various tasks, supported by the

knowledge obtained in large-scale pretraining.

NoMaD-FT (Full Fine-Tuning). All NoMaD parameters

are fine-tuned on our dataset under identical conditions to

D-CLING. This baseline shows the difficulty of in-domain

learning: naive fine-tuning of the zero-shot model is insuffi-

cient, and, in fact, degrades its original ability.

NoMaD-EF (Early Fusion). Based on the NoMaD check-

point, we added a depth encoder with the same architec-

ture as the RGB encoder, which is trainable and randomly

initialized. This is a common practice to multimodalize

model input [14]: it adds a trainable depth-only backbone

parallel to the RGB backbone and fuses tokens via channel-

wise concatenation followed by a 1×1 projection without

additional residual paths.

C. Real-world Experiments

Scenarios. We evaluate all the methods in the following

three scenarios, which align with real-world scenarios of

navigation tasks (Fig. 5):

2https://github.com/robodhruv/

visualnav-transformer (retrieved 10 July 2025)
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TABLE I

REAL-WORLD NAVIGATION PERFORMANCE ACROSS THREE SCENARIOS. THE AVERAGE SUCCESS RATE (SR) IN 10 TRIALS EACH FOR (I) AND (II),

AND THE AVERAGE HUMAN INTERVENTIONS (INTERVENTIONS) OF 5 TRIALS FOR (III) ARE LISTED.

Method Training Modality
(i) Basic Obstacle (ii) Dynamic Corridor (iii) Long-range

SR (%) ↑ SR (%) ↑ Interventions ↓

NoMaD [6] Frozen RGB 50 0 2.6

NoMaD-FT Full fine-tune RGB 30 10 3.2

NoMaD-EF Early fusion RGB-D 40 0 4.4

D-CLING (Ours) Zero-init RGB-D 70 60 1.2

(i) Basic Obstacle (ii) Dynamic Corridor (iii) Long-range

Fig. 5. Representative frames of our proposed method from real-world experiments with a physical overlaid robot in an office environment: (i)
Basic Obstacle—corridor traversal with visual avoidance of a single stationary box; (ii) Dynamic Corridor—after 10m the robot must avoid an unmapped
chair; and (iii) Long-range—a 50m semicircular route across two junctions.

(i) Basic obstacle avoidance (Basic Obstacle). The robot

traverses a corridor while avoiding a stationary box; no

additional obstacles are introduced during the evalua-

tion.

(ii) Dynamic corridor (Dynamic Corridor) with a map-

absent chair. After traversing approximately 10m in a

dynamical environment, the robot encounters a chair

placed at the corridor center that is not represented in

the pre-collected goal images, and thus must be avoided

only by visual observation. This scenario reflects every-

day human-space disturbances such as moved furniture,

crossing pedestrians, and people stepping away.

(iii) Long-range navigation (Long-range). The robot fol-

lows an approximately 50m trajectory that covers about

half a circuit of the office, crosses two junctions, and

deals with various scene dynamics. The environment

contains changes not present in the pre-collected goal

images, which evaluates robustness to appearance shifts

and long-horizon navigation.

Experimental details. We conducted the experiments in our

office environment on the Toyota HSR, the same platform

used to collect the fine-tuning dataset. Its linear and angular

speeds are limited to 0.45m/s and 1.0 rad/s. The policy

consumes two sources of context: (1) a short visual history

of T+1 frames (the current RGB frame and its T immediate

predecessors), each paired with a per-frame depth estimate;

and (2) a topological map encoded as an ordered sequence of

goal images captured at uniform spatial intervals during the

initial setup of the environment. The model outputs H+1
waypoints, including the current step. We set T = 3 and

H = 7, following NoMaD [6].

Metrics. For scenarios (i) and (ii), we run 10 trials each

and report the success rate (SR). A trial is considered

successful if the robot reaches the goal without collisions or

human intervention. For scenario (iii), we ran 5 trials, and

recorded the number of detected safety triggers from operator

interventions. We report the mean interventions per trial

(lower is better), along with the 95% confidence intervals.

Results. Table I reports real-robot performance across three

scenarios. Our proposal, D-CLING, consistently outperforms

the baselines. It achieves the highest success rates in (i) and

(ii), and requires far fewer interventions in (iii). We attribute

these gains to the geometry-awareness provided by dense

depth adoption while preserving the diverse action patterns

of the model, which in turn improves obstacle avoidance and

long-horizon goal reachability (Fig. 5).
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TABLE II

BENCHMARK ON OFFLINE DATA. ADE / FDE / DTW PROVIDES AN ERROR METRIC, WHERE LOWER VALUES ARE BETTER.

Method

F.T. Dataset NoMaD Dataset

RealHSRNav Recon [10] GoStanford [11] Sacson [9] Scand [12]

ADE FDE DTW ADE FDE DTW ADE FDE DTW ADE FDE DTW ADE FDE DTW

NoMaD 1.326 2.160 0.917 1.691 2.996 1.301 2.267 4.448 1.888 2.508 4.285 2.003 2.035 2.990 1.283

NoMaD-FT 2.138 5.484 2.255 1.810 4.775 1.956 2.097 5.436 2.216 1.861 4.435 1.913 1.622 4.115 1.659

NoMaD-EF 1.897 4.244 1.674 2.222 4.676 1.991 2.540 6.246 2.592 2.737 5.497 2.455 2.428 5.063 2.045

D-CLING
(Ours)

1.298 1.443 0.726 1.502 3.037 1.312 1.812 4.275 1.739 2.521 4.385 1.929 1.839 2.401 1.065

In contrast, zero-shot NoMaD remains problematic, par-

ticularly on (ii), even though the model was originally

pretrained on similar indoor datasets [9, 11]. We conjecture

that this is owing to domain shift stemming from the camera

geometry and/or scene appearance. Furthermore, NoMaD-FT

and NoMaD-EF underperform zero-shot NoMaD in (i) and

(iii), though they are trained on in-domain data. In particular,

in NoMaD-EF, where the learning for a novel domain is

forcibly applied to the RGB-pretrained policy (i.e., off-the-

shelf NoMaD), intervention is required the most frequently to

execute the task (iii). We anticipate that input sequences from

a novel modality, i.e., dense depth, have eroded pretrained

knowledge.

Limitations. We observed the following failure case in our

method: even if the robot successfully avoids the collision

initially, it immediately returns to the original path and

hits the obstacles. We hypothesize that this failure stems

from the limited awareness of the temporal context. As our

NoMaD-based policy conditions on only four (current plus

three past) frames without persistent memory mechanisms,

obstacles that move off-screen can no longer be tracked

by the policy. The effect is becoming more pronounced in

our HSR setup, where a narrower field of view camera is

employed than the fisheye [6], further reducing the visible

workspace. Maintaining awareness of the off-screen state via

multiframe fusion or auxiliary sensing might be a promising

future study to reduce such collisions.

D. Offline Evaluations

To further analyze the impact of our proposal, we eval-

uate the capability of action prediction, a key subtask of

navigation, in an offline setup. Since the action prediction

corresponds to the regression of future waypoints in a metric-

space, the higher awareness of geometry is expected to

reflect a more accurate prediction. We used the fine-tuning

dataset RealHSRNav, as well as the NoMaD pretraining

dataset [9, 10, 11, 12], to verify (1) its prediction capability

and (2) how our method preserves previously learned domain

knowledge. Note that the depth maps for the NoMaD datasets

are synthesized using Depth-Anything V2 [46] to enable

RGB-D methods.

Experimental details. In all experiments, we use a T+1 = 4
frames history (from t−3 to t) and generate H+1 = 8 way-

points including the current step (i.e., t, . . . , t+7), consistent

with the real-world experiments. For comprehensiveness, we

randomly sampled 100 independent sequences per dataset,

and then averaged the error score (detailed later) across the

sampled sequences. In each trial, we (1) set a fixed random

seed for reproducibility, (2) randomly sampled observation

window of T + 1 = 4 frames and a goal image, performed

a single forward pass to predict the following H + 1 = 8
actions, (4) logged the metrics, and (5) proceeded to the next

trial with a newly sampled observation-window and goal pair.

Metrics. We report Average Displacement Error (ADE) and

Final Displacement Error (FDE), where ADE is the mean

Euclidean position error over the prediction horizon and FDE

is the Euclidean error at the terminal step t+H . To account

for temporal misalignments while assessing trajectory fi-

delity, we additionally report the (normalized) Dynamic Time

Warping (nDTW) distance [47], which has been shown to

correlate well with human judgment of trajectory similarity.

Results and discussion. Table II shows quantitative results,

and Figure 6 shows qualitative results of the evaluation. On

RealHSRNav (the dataset used for fine-tuning), D-CLING

attains the lowest ADE/FDE/DTW, outperforming the other

baselines. This indicates that our proposed dense depth

adaptation strategy offers the best future action prediction

in the target environment. Intriguingly, the evaluation on

NoMaD datasets demonstrates that fine-tuned D-CLING on

RealHSRNav provides competitive or even better perfor-

mance compared with the zero-shot NoMaD. We conjecture

that our proposed strategy improved transferability to various

scene domains, beyond the fine-tuning domain.

On the other hand, NoMaD-FT and NoMaD-EF, which

lack a specific mechanism to alleviate catastrophic forgetting,

yield inferior results on most domains compared with ours

and the zero-shot model. These findings align with the

discussion in Section V-C, where fine-tuning rather degraded

the original zero-shot capability.

E. Benefit of Depth Conditioning (RGB vs RGB-D)

Finally, we investigated the effect of using depth, rather

than RGB, given the conditioning strategy that D-CLING
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(a) RealNaVHSR.

(b) NoMaD Dataset (GoStanford [11])

Fig. 6. Bird’s-eye-view predicted waypoint sequences. These figures
show waypoint predictions of length H + 1 = 8 generated from frame
windows of length T + 1 = 4 on a representative subset of the offline
evaluation set. Each panel overlays D-CLING (blue) and baselines—NoMaD
(cyan), NoMaD-FT (pink), NoMaD-EF (gray)—with the ground-truth path
in green and start/goal markers. D-CLING most closely follows the ground
truth and maintains the most consistent heading toward the goal image point.

employed. We expected that the comparison between those

two conditions would more clearly elucidate the importance

of the geometric cue for novel-domain learning. Specifically,

we implemented the RGB baseline by (1) dropping the depth-

input channel from D-CLING, and (2) training with the same

protocol (Sec. IV-C).

Scenarios. We compared the two strategies across two sce-

narios, which are fundamental to real-world navigation:

(i) Single obstacle avoidance (Single Obstacle). The robot

traverses a corridor while avoiding a single stationary

chair placed along its route.This scenario is similar

to Dynamic Corridor in Section V-C and to scenarios

contained in the training dataset.

(ii) Multi obstacle avoidance (Multi Obstacle). The robot

navigates through a 15m×5m area in which three ob-

stacles are placed at approximately uniform intervals in

an alternating left-right arrangement along its direction

of travel. The robot must avoid these obstacles while

maintaining forward progress. Notably, this obstacle

configuration is not represented in the training dataset

and therefore lies outside the training distribution.

Metrics. For scenarios (i) and (ii), we run 10 trials each and

report the success rate (SR).

Results and discussion. Table III reports real-robot re-

sults on two scenarios. D-CLING outperforms the RGB

baseline in both cases. The largest gain is observed in

scenario (ii), which is not represented in the training data.

Contrarily, the baseline in (ii) usually stemmed from a delay

in avoiding action. We underline that the result supports our

(i) Single Obstacle (ii) Multi Obstacle

Fig. 7. Representative real-world navigation examples of the RGB-D

modality (Ours) in two scenarios. (i) Single Obstacle: corridor traversal
with a single stationary chair. (ii) Multi Obstacle: avoidance of three
obstacles in a zigzag trajectory.

TABLE III

RGB VS. RGB-D CONDITIONING. SUCCESS RATE (SR) FOR TWO

SCENARIOS.

Modality

(i) Single Obstacle

SR(%)↑

(ii) Multi Obstacle

SR(%)↑

RGB 60 10

RGB-D (Ours) 80 100

hypothesis, i.e., depth conditioning in our proposed manner

strengthens geometric awareness and enables more robust

navigation, even in a novel configuration.

VI. CONCLUSION AND FUTURE WORK

Zero-shot adoption of NFMs still suffers from novel scene

observation, camera parameters, etc. Nevertheless, fine-

tuning on a limited in-domain dataset is still insufficient to

adapt them. Furthermore, typical fine-tuning hinders diverse

action generation of pretrained behavior, which is crucial for

various real-world navigation tasks. We presented D-CLING,

a prior-preserving and depth-conditioning strategy for NFM

fine-tuning to enable novel scene learning. The compre-

hensive analysis demonstrated the efficacy of our proposal

for robust navigation, as well as higher accuracy in action

prediction. Moreover, our proposal enables more accurate

action prediction beyond the fine-tuned domains, thereby

further improving the zero-shot performance of NFMs.

Our experiments in this paper are limited to NoMaD,

which is one example of NFMs. The proposed framework

is designed in a largely model-agnostic manner and could

potentially be applied to other NFMs. It remains an important

direction for future work to evaluate the proposed method

across a broader range of NFMs.
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