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Abstract— Understanding open-world semantics is critical
for robotic planning and control, particularly in unstructured
outdoor environments. Existing vision-language mapping ap-
proaches typically rely on object-centric segmentation priors,
which often fail outdoors due to semantic ambiguities and indis-
tinct class boundaries. We propose OTAS, an Open-vocabulary
Token Alignment method for Outdoor Segmentation. OTAS ad-
dresses the limitations of open-vocabulary segmentation models
by extracting semantic structure directly from the output tokens
of pre-trained vision models. By clustering semantically similar
structures across single and multiple views and grounding them
in language, OTAS reconstructs a geometrically consistent fea-
ture field that supports open-vocabulary segmentation queries.
Our method operates in a zero-shot manner, without scene-
specific fine-tuning, and achieves real-time performance of up to
≈17 fps. On the Off-Road Freespace Detection dataset, OTAS
yields a modest IoU improvement over fine-tuned and open-
vocabulary 2D segmentation baselines. In 3D segmentation on
TartanAir, it achieves up to a 151% relative IoU improvement
compared to existing open-vocabulary mapping methods. Real-
world reconstructions further demonstrate OTAS’ applicability
to robotic deployment. Code and a ROS 2 node are available
at https://otas-segmentation.github.io/.

I. INTRODUCTION

Understanding the open world through semantics is a key
challenge for robotics. Vision-Language Models (VLMs),
that ground vision in language, have recently been shown to
effectively provide semantics for mapping to facilitate task
planning and navigation [1], [2]. However, open-vocabulary
semantic mapping methods [3], [4], [5] rely on segmentation
priors from general-purpose models to reason about the
environment. These models are trained for object-centric
knowledge retrieval, therefore, they are effective for segment-
ing structured settings with salient objects. However, seg-
mentation fails in unstructured outdoor environments, such as
forests or off-road paths (see Fig. 1). Unstructured, texture-
rich classes relevant to outdoor robotics, such as roads
and grass, are underrepresented in typical open-vocabulary
image-text pair-based datasets and are often inconsistently
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Fig. 1: OTAS is a training-free segmentation method that
aligns tokens from vision and language foundation models
for robotic outdoor tasks. It operates zero-shot on single (2D)
or multi-view (3D) inputs and achieves real-time operation.
For 2D, the prompt ”gravel road” was used; 3D visualises
”trees” in green, ”shrubbery” in purple, ”grass” in orange,
and ”stone” in red.

labelled. Visual ambiguities and indistinct boundaries, such
as overlaps between gravel and grass, further complicate
the task for segmentation models, which leads to imprecise
segmentation masks.

In order to obtain robust semantic segmentation in un-
structured outdoor environments, we introduce OTAS, an
Open-vocabulary Token Alignment method for Outdoor
Segmentation. Token alignment refers to clustering self-
supervised visual tokens into coarse semantic structures,
then pooling co-located VLM tokens over these clusters for
regularisation and language-grounding.

Instead of relying on language semantics for segmenta-
tion, we cluster tokens based on visual prototypes derived
from self-supervised pre-trained vision models. Language-
grounding is obtained through semantic and spatial alignment
over token clusters, alleviating the need for linear prob-
ing or rendering. Optionally, multiple observations can be
aligned to obtain a language-embedded reconstruction with
geometric consistency. Hence, OTAS is not subject to the
object-centric bias learned by general-purpose segmentation
models, despite also performing zero-shot inference. The
contributions of this study are:

• a training-free token alignment that fuses self-
supervised visual tokens with language embeddings,
regularising VLM features and improving non-object-
class segmentation, without per-scene optimisation; and

• a language-grounded 3D feature field enabling real-
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TABLE I: Comparison of Semantic Reconstruction Methods. Assuming 10 fps as real-time (typical for low-dynamic
settings like forests and agriculture) only OpenFusion and OTAS meet this threshold. Only LERF and OTAS use non-object-
centric language maps. OTAS uniquely supports semantic segmentation in both 2D and 3D natively.

Method Foundation Model Real-Time Zero-Shot 3D 2D Representation Not Object-Centric
LERF [6] OpenCLIP [7], DINOv2 [8] ✗ ✗ ✓ ✗ NeRF ✓

Feature Splatting[5] CLIP [9], DINOv2 [8], SAM [10] ✗ ✗ ✓ ✗ Gaussian Splatting ✗
ConceptGraphs [3] OpenCLIP [7], SAM [10] ✗ ✓ ✓ ✗ Points ✗

OpenFusion [4] SEEM [11] ✓ ✓ ✓ ✗ TSDF ✗
OTAS (ours) CLIP [9], DINOv2 [8], SAM2 [12] ✓ ✓ ✓ ✓ Points ✓

time mapping and open-vocabulary querying, built from
aligned tokens, requiring no per-scene trained Multi-
Layer Perceptrons (MLPs), and no differentiable ren-
dering.

We demonstrate token alignment for 2D and 3D seg-
mentation as well as semantic reconstruction tasks, where
it achieves real-time inference on GPU. OTAS improves
segmentation results on Off-Road Freespace Detection
(ORFD) [13] and TartanAir [14]. Additional experiments on
robot data demonstrate the advantage of OTAS for language-
embedded reconstruction of unstructured outdoors in com-
parison to volumetric rendering with LERF [6] and Fea-
ture Splatting [5]. Finally, critical design decisions, includ-
ing token alignment, clustering methods, number of token
clusters, and backbone choice are ablated to motivate the
recommended model configurations for robotic applications.

II. RELATED WORK

VLMs ground vision in language by encoding a joint
feature space, typically extracting one feature per image or
patch [9], [7]. Many robotic tasks, however, require fine-
grained spatial relationships. This motivates mapping VLM
features to queryable semantic maps [3], [4], [6], [15], [16].

Early VLM-based navigation approaches detect objects,
extract VLM features per instance, and ground them on
2D occupancy grids (e.g., VLMaps [1], VLFM [17]) by
interpolating features spatially. They rely on general-purpose
detection or segmentation models, which introduce an object-
centric prior into feature extraction [18]. This paradigm has
been extended to 3D. OpenFusion [4] fuses SEEM [11] fea-
tures into a 3D semantic map through Simultaneous Locali-
sation and Mapping (SLAM). Similarly, ConceptGraphs [3]
uses SAM [10] masks and OpenCLIP [7] features, projected
to 3D and fused via geometric and semantic similarity. While
effective indoors, all retain object-centric biases from their
segmentation models.

An alternative direction is to reconstruct language-
grounded feature fields. Feature Splatting [5] retains object
priors since it uses SAM for generating segmentation masks.
LERF [6] avoids object priors by extracting multiscale Open-
CLIP features, yielding dense, non-object-centric feature
maps refined via neural rendering. Both rely on geometric
consistency across views. Using neural scene representations,
such as LERF or Feature Splatting, requires rendering,
resulting in slow scene-specific training and making them

neither zero-shot nor real-time capable. Similar to rendering-
based methods, OpenScene [19] distils multi-view CLIP
features into a sparse 3D network. However, this requires
computationally intensive scene-specific training, making the
method label-free but not training-free on new scenes.

Table I compares state-of-the-art semantic reconstruction
methods for outdoor robot navigation relevance. Key re-
quirements include real-time performance for robot control,
zero-shot applicability to new environments, and avoidance
of object-centric priors for accurate segmentation of non-
salient objects. OTAS is the only method meeting all criteria,
enabling training-free and fast robotic deployment.

III. METHOD

VLMs, such as Grounded SAM and SEEM are biased to-
wards object-centric knowledge retrieval [20]. This becomes
especially problematic in the unstructured environments of
outdoor robotics, where the semantic classes of interest fall
outside the a priori encoded object-centric knowledge. Exam-
ples of such classes are road, woods, and shrubbery, which,
however, are highly relevant to mobile outdoor robotics.

Self-supervised pre-trained vision foundation models, such
as DINOv2 [8], do not have this limitation, since they are not
trained directly on segmentation tasks. Their training process
results in an emergent semantic organisation of the feature
space, where semantically similar classes are embedded
adjacently. Hence, we disentangle the open-vocabulary se-
mantic segmentation by using DINOv2 for coarse zero-shot
semantic clustering, followed by natural language-grounding
by pooling over CLIP’s vision-language embeddings. Input
views are embedded by the frozen vision and vision-language
encoders, see Fig. 2 (a). Output tokens of the vision encoder
are clustered to obtain semantic structures (b), and aligned
with vision-language tokens to obtain language-grounding
(c). The language-grounded semantic clusters are used as
priors for optional zero-shot upscaling to pixel level (d) [12].
Optional spatial regularisation of steps b and c increases
geometric consistency and allows multi-view reconstruction
and segmentation (e).

A. Visual Feature Clustering

Given a monocular input image I ∈ RH×W×3, our goal
is to generate a semantic segmentation mask guided by both
vision and language, with × denoting tensor dimensions
(e.g., spatial height × width). The input image is first
processed by a frozen vision encoder Ev to produce a
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Fig. 2: Method Overview. a) OTAS encodes input views using frozen encoders. b) Patch tokens of the visual encoder are
reduced and clustered to obtain semantic masks. c) The masks are pooled with normalised patch tokens of a vision-language
encoder for natural language-grounding. d) A frozen mask refinement network projects semantic similarity to prompts to
pixel-level. e) Clustering and pooling are optionally conditioned on environment geometry through projection.

coarse spatial feature map Fv = Ev(I) ∈ RH′×W ′×Cv . To
align vision with language, Fv is interpolated to a shared
feature dimension d using bilinear interpolation (Ubl). The
interpolated features are then flattened and L2 normalised,
denoted by f̂v . The flattened feature map is decorrelated and
reduced in dimensionality using a Latent Variable Model
(LVM) ψ, resulting in f̂LVM = ψ(f̂v) ∈ Rd·d×Cr , where
the reduced feature dimension Cr is a hyperparameter.

Subsequently, a clustering model C is applied to the flat-
tened feature map f̂LVM to derive k clusters, that constitute
mixtures of visual tokens, referred to as visual prototypes.
The affiliation of each data point to a cluster is denoted
by C = {C1, ..., Cd·d}, Cj ∈ {1, ..., k}∀j, representing the
assignment of the latent representations f̂LVM to a visual
prototype. The clusters are interpreted as a set of k binary
masks M = {M1, ...,Mk}, where each mask Mi ∈
{0, 1}n×d×d corresponds to the shared feature dimension d
across n input images.

B. Masked Language Embedding
DINOv2 embeddings are not correlated with semantics

such as language. An intuitive way to retrieve semantic cat-
egories is linear probing. This, however, requires annotated
data in the target domain. Instead, we use a vision-language
encoder Evl to produce language-grounded tokens and align
them with the visual tokens, resulting in Fvl = Evl(I) ∈
RHvl×Wvl×Cvl . To extract dense patch-level features from
the vision-language encoder, we use value features from
the final attention layer rather than after global pooling,
which preserves the vision-language association for dense
prediction [21]. These tokens are subsequently interpolated
to match d using nearest neighbour interpolation (Unn):
F shared
vl = Unn(Fvl) ∈ Rd×d×Cvl . We adopt Masked Av-

erage Pooling (MAP) to address token alignment, following
[5], who showed its regularising effect on VLMs. Unlike

prior work, we apply MAP over coarse feature maps in
the shared embedding space rather than at pixel level. MAP
computes the mean language feature vector over each mask,
conditioning VLM outputs on the masks’ semantic structure.
This pooling operation retains language-grounding in the
feature distribution of Evl. Soft and overlapping language
semantics are preserved by aggregating each region rather
than collapsing features into a single semantic mode. Pooling
is done per image, also in the case of multi-view inputs.

Fpooled(x, y) =
1

|Mc|
∑

(x,y)∈Mc

F shared
vl (x, y) (1)

Since each patch is only assigned to a single mask in M,
the resulting Fpooled is a feature map of shape d× d×Cvl.
Fpooled represents a language-grounded image embedding,
regularised by the token mask structure (see Fig. 3). Ulti-
mately, pooled features are normalised using the L2 norm.

A frozen text encoder Etext maps text prompts to the
vision-language feature dimension Ftext = Etext(t) ∈ RCvl .
Cosine similarity S between Ftext and each feature in
Fpooled produces a similarity map of shape d × d. As
done by [6], [5], Etext and the similarity computation are
applied to a set of positive prompts t+ and negative prompts
t−, indicating target and undesired concepts, respectively,
resulting in the combined similarity map Scombined.

Scombined =
∑
t∈t+

S(t, Fpooled)−
∑
t∈t−

S(t, Fpooled) (2)

C. Mask Refinement

We use the similarity map as a language-grounded prior to
obtain a binary pixel-level segmentation mask M . Depending
on the used encoders and interpolation to the shared feature
resolution d, the similarity map resolution will be lower than
the input image resolution. Typically, the similarity map is
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Fig. 3: Feature comparison. CLIP (b) [9] features in-
clude view-dependent noise that is detrimental to segmen-
tation accuracy [5]. We achieve regularisation in non-object-
centric environments by extracting visual prototypes from
DINOv2 (c) [8], with k-Means clustering (d) and language-
grounding via feature pooling (e).

at 1/7th or 1/14th of the input image resolution. In order to
refine the coarse mask we employ a frozen mask refinement
network R that takes the image I and the similarity map
Scombined as input and outputs the final high-resolution
segmentation mask.

M = R(I,Ubl(Scombined)) ∈ {0, 1}H×W (3)

D. Multi-View Consistency

To expand OTAS to the multi-view case, information is
aggregated over multiple views using the depth map D ∈
RH×W and camera pose T ∈ SE(3) associated with each
frame. During image embedding, D is projected to 3D points
P ∈ RN×3. Median depth D̃ is sampled in each grid of size
d × d to align the 3D points with the vision and vision-
language features. Using camera intrinsics K, 3D points P
are projected to the image plane via P = π(D̃,K) ∈ Rd·d×3.
A mapping ϕ tracks the relationship between 3D points Pu

and patch indices (i, j). The points are transformed to a
global coordinate frame using camera poses {T1, ..., Tn} to
construct Pglobal =

⋃n
u=1 TuPu.

Spatially Conditioned Clustering. Global point positions
and relationship ϕ allow conditioning the visual feature
clustering by concatenating semantic features F shared

v with
3D coordinates Pglobal. This yields a combined feature map
Fspatial ∈ Rd·d×(Cv+3) that replaces F shared

v as the LVM
input, where each feature vector Fspatial(i, j) contains both
semantic and spatial information for corresponding points p.

Spatially Conditioned Pooling. After pooling the visual
and vision-language features for each input view separately,
each Fpooled is projected on the global point cloud Pglobal

using the relationship ϕ, resulting in a spatial 3D feature
volume Psemantic ∈ Rd·d×(Cvl+3) where Psemantic =
concat(Fpooled(i, j), Pglobal(p)) | p ∈ Pglobal, (i, j) =
ϕ(p). The feature volume consists of keypoint position
and language-grounded feature embedding pairs. Knowing
the keypoint position, the feature volume is downsampled

using a configurable voxel-size v. During downsampling,
all pooled features in a voxel are linearly interpolated to
further condition the language-embeddings with spatial con-
text, where P̂semantic = ( 1

|Vk|
∑

(f,p)∈Vk
f) with Vk =

{(f, p) ∈ Psemantic | ⌊ p
v ⌋ = k}. P̂semantic describes a

language-queryable 3D occupancy grid directly usable for
robotic applications such as obstacle avoidance and goal-
based navigation.

IV. EXPERIMENTS

Datasets and Metrics. Monocular semantic segmentation
is evaluated on the Off-Road Freespace Detection Dataset
(ORFD) [13]. ORFD aims to identify traversable road types
in the outdoors, such as gravel, dirt and sand. RELLIS-
3D [22] is used in ablations as a stress test due to the
high semantic overlap between annotated classes and fuzzy
class boundaries. 3D feature reconstruction is evaluated on
TartanAir [14], a large-scale, photorealistic synthetic dataset
for visual SLAM and robot navigation.

Since TartanAir does not provide 3D ground truth labels,
3D labels are generated for all methods by projecting 2D
labels onto the reconstructed point clouds via majority vote
over each point’s 5 nearest neighbours, following [23]. In or-
der to evaluate unstructured outdoor segmentation, we eval-
uate segmenting vegetation, labels 152 and 109. Following
previous work [24], Intersection over Union (IoU), F-score
(Fsc), Precision (Pre), and Recall (Rec) are evaluated for
all quantitative experiments. Practical applicability to robotic
applications is demonstrated through qualitative real-world
reconstruction in the alps [25] and runtime and memory
footprint analysis in 2D and 3D.

Implementation Details. OTAS is provided in three con-
figurations. All models use CLIP ViT-B-16 [9], [21] and
DINOv2 ViT-S-14 with 4 registers [8], [26]. OTAS Small uses
a shared feature dimension of d = 16 and SAM2.1 Hiera-
T [12] for mask refinement. OTAS Large uses d = 32 and
SAM2.1 Hiera-L. OTAS Spatial uses d = 64, a voxel-size
of v = 0.5m, and no mask refinement, as segmentations are
regularised geometrically. All models use GPU-accelerated
Principal Component Analysis (PCA) for ψ and k-Means
for C. Evaluations are done on an Intel i7-12700 CPU and
NVIDIA 4070 Ti Super GPU.

A. 3D Outdoor Segmentation

Semantic mapping is evaluated against Concept Graphs [3]
and OpenFusion [4], since they create language-embedded
3D pointclouds, similarly to OTAS. Both methods serve as
the state of the art for zero-shot semantic scene reconstruc-
tion in robotics, as they are not domain-specific and do not
require a pretrained map prior (e.g., encoded in an MLP).
Since both methods do not directly provide semantic labels,
but rather language-grounded point clouds, we threshold
using the same language queries as for OTAS.

TartanAir. Table II presents 3D segmentation results
on outdoor scenes of TartanAir using the first annotated
trajectory. OTAS improves all evaluated metrics over Open-
Fusion and ConceptGraphs on Amusement, Gascola, and
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Fig. 4: Alpine Ground Analysis. Language-embedded reconstruction requires accurate camera poses. a) Reconstruction
obtained using COLMAP, UKF Robot Localisation, and VGGT. All poses are refined using Nerfacto. b) Semantic similarity
of Feature Splatting and LERF to prompts. c) Semantic reconstruction and prompt similarity of OTAS Spatial.

TABLE II: 3D Vegetation Segmentation on TartanAir.
All methods reconstruct a language-grounded point cloud
given known camera poses. Time denotes total semantic
reconstruction time excluding evaluation. We compare per
point segmentation performance in identifying vegetation.

Amusement
IoU↑ Fsc↑ Pre↑ Rec↑ Time[s]↓

OpenFusion [4] 23.13 37.09 39.17 37.86 55
ConceptGraphs [3] 34.86 46.15 47.00 48.17 2201
OTAS Spatial (Ours) 47.11 64.04 65.16 65.48 22

Gascola
IoU↑ Fsc↑ Pre↑ Rec↑ Time[s]↓

OpenFusion [4] 10.24 18.37 18.23 20.36 52
ConceptGraphs [3] 30.68 38.03 30.68 50.00 333
OTAS Spatial (Ours) 67.87 80.27 79.23 81.73 12

Seasonsforest
IoU↑ Fsc↑ Pre↑ Rec↑ Time[s]↓

OpenFusion [4] 25.09 35.18 47.38 39.07 53
ConceptGraphs [3] 17.39 28.96 51.06 52.25 151
OTAS Spatial (Ours) 43.63 57.23 57.09 57.42 10

Seasonsforest Winter
IoU↑ Fsc↑ Pre↑ Rec↑ Time[s]↓

OpenFusion [4] 22.16 36.01 39.37 40.84 103
ConceptGraphs [3] 36.48 53.33 54.26 54.49 479
OTAS Spatial (Ours) 39.61 55.13 56.22 55.33 18

Seasonsforest. Especially in environments with barely any
discrete objects, such as Gascola, the margin for improve-
ment is huge, reaching up to 151% on IoU. The lower
contrast reduces segmentation quality of object-centric open-
vocabulary segmentation, highlighting the advantages of
OTAS for outdoor robotics. We observe that ConceptGraphs
performs closer in snowy scenes of Seasonsforest Winter.
This is likely due to the high contrast between objects and
the uniform snow, which enhances object boundaries and
thus benefits object-centric methods.

B. 2D Outdoor Segmentation

ORFD. This section compares OTAS to the state of the
art for fine-tuned and open-vocabulary 2D semantic segmen-
tation. For open-vocabulary, we report Grounded SAM [31]

TABLE III: 2D Semantic Segmentation on ORFD. We
include the current state of the art in fine-tuned off-road
segmentation methods as well as other zero-shot segmen-
tation methods that serve as the baseline for language-
grounded semantic scene representations. The † indicates
results optioned from the reimplementation by [27].

Fine-tuned Methods IoU Fsc Pre Rec
OFF-Net [13] 82.30 90.30 86.60 94.30
RTFNet† [28] 90.70 95.10 93.80 96.50
RoadFormer [27] 92.51 96.11 95.08 97.17
M2F2-Net [29] 93.10 96.40 97.30 95.50
NAIFNet [30] 94.10 97.00 97.50 96.40
Zero-Shot Methods IoU Fsc Pre Rec fps
SEEM [11] 51.31 59.12 61.44 60.93 15.0
Grounded SAM [31] 90.49 94.13 95.12 93.32 1.8
Grounded SAM-2 [32] 93.32 96.38 97.73 95.38 3.8
OTAS Small (Ours) 91.72 95.59 96.93 94.58 11.2
OTAS Large (Ours) 94.34 97.05 97.83 96.39 5.1

and SEEM [11], since these are the models used by Concept
Graphs [3] and OpenFusion [4] respectively. SAM- and
SEEM-based methods currently define the state of the art
in open-vocabulary segmentation, and are therefore natural
baselines. While the original Grounded SAM-2 implementa-
tion relies on SAM2, we run it with the improved SAM2.1
Hiera-L segmentation head to provide a best-case scenario
and fair comparison to our method.

Table III presents results on ORFD. OTAS achieves the
highest IoU, F-score and precision among fine-tuned and
zero-shot methods. OTAS reports the highest recall among
zero-shot methods. Yet, the segmentation recall of the fine-
tuned RoadFormer marginally improves over OTAS. Inter-
estingly, this phenomenon can be observed for all zero-shot
methods. They exhibit lower recall compared to fine-tuned
methods. This is a consequence of the lack of dense su-
pervision for specific classes and the necessity to generalise
over broad, noisy semantics, whereas fine-tuned models di-
rectly optimise for segmenting the specific classes, including
dataset characteristics like annotation errors and noise.
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TABLE IV: Influence of Model Size. Comparison of accuracy, memory and fps of OTAS on ORFD. No Token Alignment
ablates token alignment and directly prompts from CLIP similarity maps. Both OTAS versions without mask refinement
significantly outperform directly prompting mask refinement from CLIP similarity maps (line 2) w.r.t. segmentation quality
and throughput, validating our token alignment strategy.

Model Mask Refinement IoU (%) Fsc (%) Pre (%) Rec (%) GPU Mem. (GB) fps (s-1)
No Token Alignment (GPU) no 68.25 80.46 79.57 82.48 1.6 ≈25

yes 75.48 84.54 92.90 82.03 2.4 ≈13
Small (GPU) no 84.71 91.35 91.12 92.84 1.6 ≈17

yes 91.72 95.59 96.93 94.58 2.4 ≈11
Small (CPU) no 84.80 91.41 91.20 92.87 - ≈1.6

yes 91.71 95.58 96.93 94.57 - ≈0.38
Large (GPU) no 87.02 92.69 92.3 94.4 1.6 ≈15

yes 94.34 97.05 97.83 96.39 3.5 ≈5

Token alignment, runtime and memory scaling as well as
backbone choice are ablated in Sec. IV-D (see Table IV-VI
and Fig. 5). These experiments demonstrate that OTAS main-
tains efficiency across varying cluster sizes and performs
across different foundation models beyond the highlighted
DINOv2/CLIP version.

C. Real-World Semantic Reconstruction

This section directly compares OTAS to LERF [6] and
Feature Splatting [5] for semantic reconstruction in the
foothills of the Alps. While neither zero-shot nor real-
time due to their reliance on scene-specific training, they
both represent the strongest existing baselines for language-
embedded reconstruction. In particular, LERF’s multiscale
CLIP feature field avoids segmentation priors, making it non-
object-centric and conceptually closest to OTAS. We there-
fore include it despite the runtime mismatch, as it illustrates
the trade-off between accurate but computationally expensive
differential rendering approaches and our training-free, real-
time alternative. We use a ROS bagfile of RoboNav [25]. This
allows for reproducible testing on real sensor data since the
bagfile captures the full sensor and actuation context of the
robot in representative environments.

Fig. 4 shows language-embedded reconstructions of a
challenging forest scene featuring dense vegetation and dif-
ferent ground types, such as grass, dirt and puddles. LERF
and Feature Splatting require highly accurate camera poses
for reconstructing scenes with differential rendering. Usually,
Structure from Motion, like COLMAP [33], is used for cam-
era pose initialisation. However, due to the cluttered, highly-
textured scene, COLMAP, UKF Robot Localisation [34], and
VGGT [35] fail to provide poses with sufficient accuracy, see
Fig. 4a. Hence, camera poses are initialised using VGGT,
scaled using metric depth estimation [36], and refined using
Nerfacto [37]. Even with pose refinement, Feature Splatting
fails to properly reconstruct the ground. LERF correctly
locates the grass-path itself and puddles (black circles) thanks
to non-object-centric language-grounding, Fig. 4b. However,
it is computationally intensive with ≈40 minutes for this
scene. OTAS shows a geometrically accurate reconstruction
with detailed language similarity at ≈1.3 seconds, Fig. 4c.
All runtime reports exclude pose initialisation and pose
refinement.

D. Ablations

Model Size and Inference Time (2D). We provide
multiple model configurations for different compute capa-
bilities. Table IV presents their speed-accuracy trade-off
on GPU and CPU. Small and Large model configurations
are outlined in Section IV. No mask refinement refers to
normalising the similarity map Scombined to [0, 1] and binary
thresholding. No alignment with mask refinement repre-
sents R(I,Ubl(S(Ftext, Fvl))) and is equivalent to prompt-
ing SAM2.1 from CLIP similarity maps. OTAS Small no
refinement (line 3) significantly improves IoU and results in
improved throughput, validating our token alignment strategy
for feature regularisation. Mask refinement further improves
accuracy and adds ≈50% to runtime on GPU. OTAS Small
runs at real-time (assuming 10 fps).

We also report few-shot segmentation speeds on ORFD
on a Jetson Orin AGX, showing OTAS’ applicability to low-
power embedded robotics platforms. To reduce CPU-related
overhead, ψ and C are pre-trained on-device using 10 training
images. On Jetson, OTAS Small achieves ≈3.1 fps with mask
refinement and ≈5 fps without mask refinement.

Foundation Model Choice. Foundation model depen-
dence is evaluated on RELLIS-3D [22], a challenging off-
road dataset with highly textured classes and semantically
overlapping categories (e.g., “dirt,” “mud,” “puddle”). Unlike
purpose-trained methods that reach ≈75% IoU on some
classes [22], open-vocabulary zero-shot approaches under-
perform due to ambiguous class boundaries. We therefore
use Rellis-3D as a close-to-real-world stress test across
different vision backbones. Table V compares OTAS with

TABLE V: Vision Backbones on RELLIS-3D. Token align-
ment is evaluated across frozen backbones using raw class
labels as prompts and no mask refinement. OTAS achieves
higher IoU than Grounded SAM-2 with an overall signif-
icantly lower parameter count, highlighting OTAS’ ability
to regularise compact backbones into competitive open-
vocabulary segmentation models without additional training.

Model Configuration mIoU(%)↑ Param (M)↓
Grounded SAM-2 45.11 396
OTAS w. DINOv3 ViT-S/16 [38] 48.44 107
OTAS w. C-RADIOv3-B [39] 48.46 184
OTAS w. DINOv2 ViT-S/14 [8] 48.48 107
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TABLE VI: Dimensionality Reduction and Clustering
Algorithms. Score is the average of IoU, Fsc, Pre, and Rec
of OTAS Small with mask refinement on ORFD.

Clustering PCA KPCA PCA (GPU) ICA
GMM 0.9381 0.9395 0.9390 0.9325
HDBSCAN 0.9394 0.9394 0.9394 0.9246
k-Means (GPU) 0.9427 0.9427 0.9424 0.9312
k-Means 0.9466 0.9467 0.9467 0.9363

Grounded SAM-2 and alternative foundation model choices
for the visual encoder Ev . Alternative foundation models
are DINOv3 [38], a joint-embedding self-supervised model
and successor to DINOv2, and AM-RADIO [39], which
is achieved by distilling multiple foundation models into a
single backbone. All experiments use raw class labels as
prompts without tuning and a generic negative prompt of
thing. Classes required for traversability assessment (i.e., dirt,
water, asphalt, bush, mud, rubble) are evaluated with reported
mean IoU (mIoU) over all classes equally weighted. To
isolate the performance of token alignment, mask refinement
is deactivated for OTAS results. Instead, similarity maps are
thresholded at 0.8.

All three foundation models combined with token align-
ment outperform Grounded SAM-2 despite using fewer
parameters, showing that OTAS lifts frozen vision-language
features into a more discriminative representation without
training or fine-tuning additional segmentation heads. How-
ever, performance when using the larger AM-RADIO (98M)
backbone does not improve upon the significantly smaller
DINO models (21M) when using the same CLIP image
encoder for language-grounding (86M).

Reduction and Clustering Methods. Table VI examines
the choice of LVM (ψ) and clustering model (C) in a
factorial experiment, using PCA (CPU and GPU), KPCA
and ICA for LVM and k-Means (CPU and GPU), Gaussian
Mixture Model (GMM) and HDBSCAN for clustering. This
comparison shows that k-Means clustering leads to the
cleanest segmentation results, with PCA and Kernel-PCA
being equally suitable for dimensionality reduction. Density-
based clustering (HDBSCAN) is a viable alternative if setting
the number of clusters as a hyperparameter is not possible.

Number of Clusters and Components. The top of Fig. 5
shows an ablation of PCA components (Cr) and k-Means
clusters (k) on a 20% split of ORFD. Results are truncated
for length from a grid search over k = [4; 20], Cr = [4; 64]
with marginal score difference between the best (0.94) and
the worst-performing (0.92) combination. Positive prompts
are gravel, road, dirt and negative prompts are sky, grass,
forest. The denoted score is an average of the IoU, F-score,
precision and recall. Cr = 4 and k = 4 score the highest.

Model Scalability (3D). Bottom of Fig. 5 shows the time
requirements for reconstruction with OTAS Spatial on Tar-
tanAir Seasonsforest Winter in blue, and the memory usage
in orange. Both time and space complexity are comparably
low to the state of the art and scale approximately linearly
over the measured input view range. At 10 views, both

time and memory usage are marginally above 1 second and
Gigabyte respectively. Using 250 views takes 14.78 seconds
and requires 11.26 Gigabytes of GPU memory, resulting in
an average throughput of ≈17 fps.

Fig. 5: Clusters, Components, Runtime and Memory. Top
presents the number of k-Means clusters (k) and number of
components (Cr). Bottom shows runtime and memory usage.

V. CONCLUSION

This work addressed open-vocabulary segmentation in
unstructured outdoor environments. We introduce OTAS, an
open-vocabulary segmentation method that aligns semantic
tokens across single and multiple views to reconstruct a
geometrically consistent feature field. It aligns the output
tokens of a pre-trained vision model to a language em-
bedding by clustering semantically similar tokens through
unsupervised learning and pooling. OTAS is zero-shot, does
not require scene-specific fine-tuning, and runs at up to
≈17 fps. Results show a minor improvement over open-
vocabulary and fine-tuned baselines on the ORFD dataset, a
significant improvement over the state of the art on TartanAir,
and robust applicability to real-world robotic tasks. Scaling,
runtime and backbone ablations confirm that OTAS is both
efficient and backbone-agnostic, addressing concerns about
model dependence and deployment trade-offs. Future work
will investigate employing our semantic maps for outdoor
navigation, e.g., through costmap modification [16] or with
learned policies [40].
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