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Figure 1. Our method, semantic-augmented backbone for 3D reconstruction, dubbed SAB3R , enables zero-shot open-vocabulary seg-
mentation and 3D reconstruction from unposed images in a single forward pass. Building on a state-of-the-art 3D foundation model,
SAB3R generates dense 2D foundational features, such as CLIP [57] and DINOv2 [52]. Additionally, SAB3R introduces a new capability
by simultaneously performing 3D reconstruction and open-vocabulary semantic segmentation.

Abstract
The emergence of 3D vision foundation models (VFMs)

represents a significant breakthrough in 3D computer vi-
sion. However, these models often lack robust semantic
understanding due to the scarcity of 3D-language paired
data. In contrast, 2D foundation models, trained on abun-
dant data, excel in semantic tasks. In this work, we propose
a novel distillation approach, SAB3R , that transfers dense,
per-pixel semantic features from 2D VFMs to enhance 3D
VFMs. Our method achieves 2D semantic-aware feature in-
tegration while retaining the spatial reasoning capabilities

*Equal contribution

of 3D VFMs.

We validate our approach by showing that distillation
does not compromise the base 3D foundation model, as
demonstrated through evaluations on depth estimation and
multi-view pose regression. Additionally, we introduce a
new task, Map and Locate, to showcase the novel capabil-
ity of Multi-view 3D Open Vocabulary Semantic Segmen-
tation. Finally, the experiment of our method reveals its
ability to maintain a robust understanding of 3D structures
while markedly improving its 2D semantic comprehension.
Our results highlight the effectiveness of our approach.
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1. Introduction
2D Vision Foundation Models (VFMs), such as CLIP [57],
SAM [34], and DINOv2 [52], have emerged as versatile
backbones for a wide range of vision tasks. By leveraging
abundant 2D data, these models demonstrate strong seman-
tic understanding, excelling in applications like few-shot
segmentation [2] and label-free scene understanding [9].
Their role as general-purpose feature extractors enhances
performance in downstream tasks, such as segmentation,
depth estimation, and correspondence [15, 80, 81].

In parallel, 3D foundation models like DUSt3R [79] and
MASt3R [39] have advanced 3D scene reconstruction from
unposed image collections. These models integrate tasks
such as camera calibration, depth estimation, correspon-
dence, and pose estimation into a single forward pass, show-
casing exceptional multiview reasoning and geometric un-
derstanding.

While 2D VFMs excel in semantic comprehension and
capturing features like depth and surface normals [15], they
lack multiview consistency, especially under significant
viewpoint variation. Conversely, 3D models, such as those
built on CroCo [83] and CroCoV2 [82], are highly effective
for multiview and geometric tasks but exhibit weaker 2D
semantic understanding. These complementary strengths
highlight an opportunity to combine 2D and 3D approaches,
addressing their respective limitations to drive progress in
visual understanding.

Humans, by contrast, seamlessly interpret images by
combining 2D visual information with an intuitive under-
standing of 3D structure, a skill refined through lifelong ex-
perience with depth and motion [36]. This drives the need
for models that can integrate both semantic understand-
ing and 3D understanding. Moreover, maintaining separate
models for various vision tasks is inefficient due to high
memory and runtime costs, particularly on edge devices,
and it forgoes the advantages of cross-model learning [64].

While multitask learning [10] offers a promising ap-
proach to addressing these inefficiencies by enabling shared
learning across multiple tasks, its application to 3D vision
remains hindered by a fundamental challenge: the lack of
large-scale, high-quality 3D-language paired datasets. In
2D vision, the success of state-of-the-art models such as
CLIP [57] can be attributed to their training on massive
datasets like LAION [67] and DataComp [23], each con-
taining billions of samples. These datasets provide the di-
versity and scale necessary for training robust multimodal
models. However, the 3D domain lags far behind; even the
largest 3D-language datasets, such as SceneVerse [31] and
3D-Grand [88], are an order of magnitude smaller. This
stark contrast underscores a significant data gap between
the 2D vision and 3D vision.

To address the above challenges, we begin by posing two
key questions:

• Can we distill 2D foundation models into 3D founda-
tion models without adding parameters, thereby enhanc-
ing 2D semantic understanding while preserving 3D ca-
pabilities?

• Can co-training with 3D and semantic tasks optimize se-
mantic understanding?

We propose SAB3R , as illustrated in Fig. 2, to tackle these
challenges. Our approach distills 2D foundation models
into 3D foundation models without introducing additional
parameters, enhancing 2D semantic understanding while re-
taining 3D capabilities. Building on prior work [77], we
identify feature resolution as critical to effective distillation.
To address this, we employ FeatUp [22] to upsample fea-
tures to any desired resolution, ensuring better alignment
and integration of 2D and 3D representations.

During training, we initialize SAB3R with MASt3R’s
original weights, retaining its tasks and objectives. Using
FeatUp, we extract dense 2D features from MaskCLIP [13]
and DINOv2 [52], which are regressed with two added DPT
heads. After training, SAB3R generates depth, dense CLIP
features, and dense DINO features simultaneously.

Our model, SAB3R , introduces a novel capability called
Map and Locate, enabling multi-view 3D open vocab
semantic segmentation. To evaluate this, we present a
new benchmark where SAB3R significantly outperforms a
pipelined baseline (FeatUp + MASt3R). In addition, ex-
periments show that SAB3R achieves comparable perfor-
mance to MASt3R on 3D tasks while matching FeatUp’s
MaskCLIP on semantic tasks.

In summary, our contributions are:
• SAB3R : A unified model that integrates dense 2D seman-

tic understanding into a 3D foundation model, preserving
3D capabilities while enhancing 2D semantics through a
parameter-efficient distillation process.

• Map and Locate Benchmark: A new task for evaluating
multi-view 3D semantic segmentation.

2. Related Work

2.1. Knowledge Distillation
Bucila et al. [5] and Hinton et al. [27] first introduced
the concept of knowledge distillation, where a smaller,
compressed model (student) is trained using knowledge
from a larger, pretrained model (teacher). Building on
this foundation, recent studies have applied distillation
to vision-language models (VLMs), such as EVA [18,
19], DIMEFM [74], CLIPPING [55], and CLIP-KD [87],
achieving transfer of the teacher’s zero-shot capabilities
to the student model. Recently, AM-RADIO [60] aggre-
gate multi vision foundation model into one model, which
demonstrate comprehensive knowledge distillation setups
and tricks. Our work diverges significantly in that we focus
on developing a 3D foundation model, aiming to establish
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Figure 2. Methods Architecture. We distill dense features from CLIP and DINO into the MASt3R framework, enriching it with 2D
semantic understanding. Each encoder-decoder pair operates on multi-view images, sharing weights and exchanging information to ensure
consistent feature extraction across views. The model simultaneously generates depth, dense DINOv2, and dense CLIP features, which are
then used for multi-view 3D reconstruction and semantic segmentation. This architecture enables SAB3R to seamlessly integrate 2D and
3D representations, achieving both geometric and semantic comprehension in a unified model.

a model proficient in executing both 3D and 2D tasks at the
same time.

Our setup is also closely related to Continual Learn-
ing [54], where models incrementally learn new informa-
tion. A key challenge in this area is catastrophic forget-
ting [46, 47], where newly acquired knowledge overwrites
previously learned information. Continual Learning ap-
proaches combat forgetting through strategies like regular-
ization [35, 95], experience replay [26, 61], regularized re-
play [8, 20], dynamic expansion [68, 86], and optimization-
based methods [49, 53].

In this work, we find that our model SAB3R does not
show severe sign of catastrophic forgetting. Our pipeline
supports the model to adapt to new capabilities without los-
ing previously learned knowledge.
2.2. 3D Language Grounding

Most 3D visual-language models operate directly on 3D
point clouds without leveraging 2D pre-trained features.
SAT-2D [89] was one of the first 3D visual grounding mod-
els to incorporate 2D visual features, aligning 2D and 3D
representations during training and achieving significant
improvements over versions without 2D features. More re-
cent approaches, such as 3DLLM [28] in 3D Question An-
swering, use multi-view 2D features with LLMs to decode
answers, but have yet to fully address 3D visual ground-
ing tasks. Similarly, PQ3D [102] integrates various visual
backbones, including a 2D feature backbone from Open-
Scene [56].

EFM3D [72] lifts 2D image features into 3D feature vol-
umes, but focuses on 3D object detection and surface re-
construction. ODIN [30] proposes an interleaved 2D-3D
backbone with pre-trained 2D weights, but is limited to ob-
ject detection. Fit3D [93], which lifts 2D semantic fea-
tures into 3D Gaussian representations, injects 3D aware-
ness when training 2D foundation models—a complemen-
tary approach to ours.

2.3. Distilling 2D Features into 3D

Our work is closely related to research focused on dis-
tilling 2D features into 3D representations. Previous ap-
proaches often leverage novel view synthesis methods, such
as NeRF [48] and Gaussian Splatting [32], which aggre-
gate information across multiple viewpoints. For example,
semantic NeRF [99] and Panoptic Lifting [70] embed se-
mantic information into 3D, while methods like LeRF [33],
Distilled Feature Fields [69], NeRF SOS [17], and Neural
Feature Fusion Fields [76] incorporate pixel-aligned feature
vectors from models such as Lseg [40] and DINO [6]. Re-
cently, Featured 3DGS [101] has distilled 2D pre-trained
models into Gaussian splatting for enhanced 3D feature rep-
resentation.

While our approach shares this goal of integrating 2D
imagery for 3D reconstruction and feature embedding, it of-
fers greater flexibility. Unlike prior work, we do not require
posed images and achieve a higher level of generalization,
avoiding the need for scene-specific tuning.
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3. Method
In this section, we describe our approach for distilling dense
2D Vision Foundation Model (VFM) features into a 3D
VFM. Starting from a base 3D VFM, we transfer knowledge
from 2D VFM features enhanced with FeatUp. Our goal
is to integrate 2D and 3D knowledge into a unified back-
bone, enabling simultaneous 3D reconstruction and open-
vocabulary semantic segmentation.

To clarify our method, this section is structured as fol-
lows: Sec. 3.1 provides a summary of the foundational com-
ponents, Sec. 3.2 describes the distillation of 2D semantic
features into the model, and Sec. 3.3 explains how addi-
tional features can be incorporated to enhance model capa-
bilities.

3.1. Foundational Components
DUSt3R [79] is a recent method that addresses a range of
3D tasks using unposed images as input, including camera
calibration, depth estimation, pixel correspondence, cam-
era pose estimation, and dense 3D reconstruction. It uses
a transformer-based network to generate local 3D recon-
structions from two input images, producing dense 3D point
clouds X1,1 and X2,1, referred to as pointmaps.

A pointmap Xa,b ∈ RH×W×3 represents a 2D-to-3D
mapping from each pixel i = (u, v) in image Ia to its
corresponding 3D point Xa,b

u,v ∈ R3 in the coordinate sys-
tem of camera Cb. By jointly regressing two pointmaps,
X1,1 and X2,1, expressed in the coordinate system of cam-
era C1, DUSt3R simultaneously performs calibration and
3D reconstruction. For multiple images, a global alignment
step merges all pointmaps into a unified coordinate system.

Images are encoded in a Siamese manner using a
ViT [14], producing representations H1 and H2:

H1 = Encoder(I1), H2 = Encoder(I2).

Two intertwined decoders process these representations, ex-
changing information via cross-attention to capture spatial
relationships and global 3D geometry. The enhanced repre-
sentations are denoted H ′1 and H ′2:

H ′1, H ′2 = Decoder(H1, H2).

Finally, prediction heads regress the pointmaps and confi-
dence maps:

X1,1, C1 = Head13D([H1, H ′1]), (1)

X2,1, C2 = Head23D([H2, H ′2]). (2)

3.2. Distilling 2D Semantic Features
To integrate 2D semantic information into the model while
retaining its 3D capabilities, we design a multitask frame-
work that prevents catastrophic forgetting. This framework

enables the model to simultaneously learn both 2D and 3D
features. We adopt the MASt3R [39] architecture, which
consists of a ViT-Large encoder, a ViT-Base decoder, and
DPT heads. To distill dense 2D features, we introduce new
heads to regress features from DINO [52] and CLIP [57].

Following DUSt3R [79] and MASt3R [38], the new
heads leverage either a DPT architecture or a simpler MLP
structure. The DPT design is particularly effective for dense
prediction tasks like depth estimation and semantic fea-
ture extraction. In addition to the depth and descriptor
heads (Head1,2

3D and Head1,2
desc), we introduce two new heads,

Head1,22D feature, for distilling 2D features:

S1 = Head12D feature([H
1, H ′1]), (3)

S2 = Head22D feature([H
2, H ′2]). (4)

Here, H1 and H2 are embeddings from the encoder, and
H ′1, H ′2 are enhanced representations from the decoder.
The concatenation [H,H ′] combines spatial and semantic
information.

To preserve depth estimation capabilities, we retain the
regression loss Lconf from DUSt3R and the matching loss
Lmatch from MASt3R. Additionally, we introduce a regres-
sion loss for the 2D features, guiding the model to learn
semantic information:

L2D =
∥∥∥Sv − Ŝv

∥∥∥ , v ∈ {1, 2}, (5)

where Ŝv is the target 2D feature extracted by MaskCLIP or
DINOv2 for the corresponding view v. Dense pixel features
from FeatUp are used as supervision.

The total loss combines all components, weighted by hy-
perparameters β and γ:

Ltotal = Lconf + βLmatch + γL2D. (6)

3.3. Incorporating Additional Features
Our distillation pipeline is designed to flexibly incorporate
multiple 2D features into the 3D foundation model, enhanc-
ing its capabilities. For each additional feature, we add a
dedicated head and regression loss, resulting in an updated
training objective:

Ltotal = Lconf + βLmatch + γ1L2D1 + γ2L2D2 . (7)

Here, L2D1
and L2D2

are regression losses for individual
2D features, with γ1 and γ2 controlling their contributions.
MaskCLIP and DINOv2 features are integrated into the 3D
backbone through this framework, with dedicated heads for
each feature.

4. A Novel Task: Map and Locate
Task Setting In this novel task, termed Map and Locate,
the model receives multiview inputs and a set of semantic
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labels to reconstruct a 3D scene. This task extends beyond
independent depth estimation for each image, requiring the
model to infer relative camera poses across views and clas-
sify the semantic category of each predicted 3D point.

The task is defined as follows: given n input images
(n ≥ 2) and a predefined set of L semantic classes L =
{0, . . . , L − 1}, the goal is to map each pixel i to a pair
(Xi, li) ∈ R3 × L, where Xi = (xi, yi, zi) represents the
3D coordinates of the point corresponding to pixel i, and
li denotes its semantic class. For an image I of resolution
W×H , this establishes a one-to-one mapping between pix-
els and 3D scene points with semantic labels, i.e., Ii,j ↔
(Xi,j , li,j), for all (i, j) ∈ {1, . . . ,W} × {1, . . . ,H}. We
assume each camera ray intersects only a single 3D point,
excluding cases like translucent surfaces. Ambiguous or
out-of-class pixels are assigned a void label in the anno-
tations.

For implementation, we adopt MaskCLIP [13] enhanced
with FeatUp [22], combined with the MASt3R [39] pipeline
as our baseline method. MaskCLIP and MASt3R act
as teacher models for our approach, guiding the distilla-
tion process to achieve both 3D reconstruction and open-
vocabulary semantic segmentation.

Data Curation Our data is sourced from ScanNet [11],
a large-scale indoor scene dataset that provides RGB-D se-
quences, camera poses, and semantic and instance-level an-
notations. From the validation split, we curate a subset of 10
diverse scenes, selected for their unique object layouts and
camera trajectories. For each scene, we create image groups
containing 2, 3, or 4 views, ensuring that each image over-
laps with at least one other in the group. This overlap guar-
antees shared visual context, enabling robust evaluation of
3D reconstruction and localization tasks. To balance evalu-
ation time and dataset diversity, we limit our selection to 10
scenes, which already requires approximately 2 hours for
the evaluation to complete.

For semantic classification, we map ground-truth anno-
tations to the widely used NYU40 class taxonomy [50].
The curated dataset includes a total of 436 objects with
both semantic and instance-level annotations. Each image
group is paired with its corresponding RGB images, depth
maps, camera poses (intrinsics and extrinsics), and seman-
tic and instance labels. Detailed data statistics, example im-
age groups, and the full data curation process, including se-
lection criteria and preprocessing steps, are provided in the
supplementary materials.

Evaluation Metrics For the Map and Locate task, we
evaluate model performance using several key metrics, and
in all metrics, higher values consistently indicate better per-
formance. Additionally, before evaluating these metrics,
models are required to compute pair (X, l) for every pixel in
each image, using only the image inputs without any ground

truth data, such as intrinsic or extrinsic matrices, then use
one ground truth image’s depth and pose for scaling and
alignment to the ground truth coordinates.

Mean Intersection over Union (mIoU) quantifies the
overlap between predicted and ground truth points, calcu-
lated as the ratio of correctly predicted points to the union
of predicted and ground truth points. This metric provides
an overall measure of segmentation accuracy. In our task,
we compute the mIoU by finding the nearest predicted point
for each ground truth point and using its label to evaluate
against the ground truth labels.

Accuracy (Acc.) is defined as the proportion of correctly
predicted points relative to the total ground truth points, in-
dicating the model’s effectiveness in assigning correct se-
mantic classes to 3D points. In our setteing, Similar to
mIoU, we calculate Acc using the same approach.

Mean Completeness (Comp.) measures how compre-
hensively the predicted points cover the ground truth point
cloud. After aligning the predicted points with the ground
truth pose, we compute the average distance from each pre-
dicted point to its nearest neighbor in the ground truth, of-
fering a general sense of the reconstruction’s completeness.
For our task, we filter points based on each test label in
both the ground truth and the predictions, then calculate the
Comp. metric accordingly.

Median Completeness (Median Comp.) is similar to
mean completeness but calculates the median of nearest-
neighbor distances instead. This approach reduces the im-
pact of outliers, providing a more stable indication of cov-
erage consistency across samples.

5. Experiments

In this section, we showcase the effectiveness of our ap-
proach for distilling 2D foundation models into a 3D foun-
dation model. The section is organized into five parts. In
Sec.5.1, we provide details of the implementation. Sec.5.2
analyzes how SAB3R retains performance without exhibit-
ing catastrophic forgetting, compared to the teacher models.
In Sec.5.3, we demonstrate our method’s zero-shot semantic
segmentation performance, achieving results comparable to
the teacher models. Sec.5.4 presents results and analysis
for the novel task, Map and Locate. Finally, in Sec. 5.5,
we provide evidence that the encoder not only preserves 3D
capabilities but also enhances 2D semantic understanding.

5.1. Implementation Details

We fine-tune our model using datasets from DUSt3R and
MASt3R, including Habitat [75], ScanNet++ [91], ARK-
itScenes [1], Co3Dv2 [62], and BlenderMVS [90]. Data
preprocessing adheres to the guidelines of each dataset. To
avoid the impracticality of storing dense 2D VFM features
locally, which would require over 60 TB of storage, we
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Methods Train NYUD-v2 (Indoor) KITTI (Outdoor)
Rel↓ δ1.25 ↑ Rel↓ δ1.25 ↑

DPT-BEiT[59] D 5.40 96.54 9.45 89.27
NeWCRFs[92] D 6.22 95.58 5.43 91.54
Monodepth2 [25] SS 16.19 74.50 11.42 86.90
SC-SfM-Learners [4] SS 13.79 79.57 11.83 86.61
SC-DepthV3 [73] SS 12.34 84.80 11.79 86.39
MonoViT [98] SS - - 9.92 90.01
RobustMIX [51] T 11.77 90.45 18.25 76.95
SlowTv [71] T 11.59 87.23 (6.84) (56.17)
DUSt3R 224-NoCroCo T 14.51 81.06 20.10 71.21
DUSt3R 224 T 10.28 88.92 16.97 77.89
DUSt3R 512 T 6.51 94.09 12.02 83.43
MASt3R T 8.17 92.59 8.28 93.27
SAB3R (C) T 7.80 92.67 11.63 86.74
SAB3R (CD) T 7.67 92.82 12.53 83.51

Table 1. Monocular depth estimation on NYU-v2 and KITTI
datasets. D = Supervised, SS = Self-supervised, T = Trans-
fer (zero-shot). (Parentheses) refers to training on the same set.
SAB3R (C) represents our model distilled with CLIP features,
while SAB3R (CD) builds upon this by integrating both CLIP and
DINO features during distillation. This notation is used consis-
tently throughout the paper.

leverage FeatUp to dynamically generate these features dur-
ing training. Additional details on the datasets and prepro-
cessing steps are provided in the supplementary materials.

Training We adopt MASt3R [39] as our base 3D foun-
dation model. During training, we unfreeze the encoder
to enhance its ability to produce 2D semantic-aware fea-
tures while maintaining depth accuracy. For distilling only
MaskCLIP features, we set β = 0.75 and γ = 20. When
distilling both MaskCLIP and DINOv2 features, we adjust
these weights to β = 0.75, γ1 = 20, and γ2 = 4.

Computational Resources Each checkpoint is optimized
around 3 days, using either 8 A40 GPUs or 4 A100 80GB
GPUs.

5.2. Zero-Shot 3D Tasks
Monocular Depth Estimation We benchmark SAB3R on
both an indoor dataset, NYUv2 [50], and an outdoor dataset,
KITTI [24], comparing its performance to state-of-the-art
methods in Tab. 1. For monocular depth evaluation, we use
two commonly applied metrics following DUSt3R [79] and
recent studies [3, 71].

As shown in Tab. 1, SAB3R demonstrates strong adapt-
ability to both indoor and outdoor environments. Dis-
tilling dense features from MaskCLIP or DINOv2 into
the MASt3R backbone does not degrade the model’s per-
formance or induce catastrophic forgetting. Therefore,
SAB3R is still capable of making accurate depth prediction.
Notably, while MASt3R’s performance decreases relative to

Methods RRA@15↑ RTA@15↑ mAA(30)↑
Colmap+SG [12, 65] 36.1 27.3 25.3
PixSfM [43] 33.7 32.9 30.1
RelPose [96] 57.1 - -
PosReg [78] 53.2 49.1 45.0
PoseDiff [78] 80.5 79.8 66.5
RelPose++ [42] (85.5) - -
RayDiff [97] (93.3) - -
DUSt3R-GA [79] 96.2 86.8 76.7
DUSt3R [79] 94.3 88.4 77.2
MASt3R 94.15 88.58 81.14
SAB3R (C) 92.57 87.31 79.66
SAB3R (CD) 92.93 87.76 80.25

Table 2. Multi-view pose regression on the CO3Dv2 [62]
dataset using 10 random frames. Results in parentheses denote
methods evaluated on 8 views, as they do not report results for the
10-view setup. We distinguish multi-view and pairwise methods
for clarity.

its DUSt3R backbone, our training approach preserves ro-
bust monocular depth estimation capabilities. Interestingly,
SAB3R trained with MaskCLIP, or with both MaskCLIP
and DINOv2, outperforms the base model MASt3R on the
NYUv2 indoor dataset [50]. However, our approach per-
forms less effectively in outdoor scenarios, likely due to the
indoor-focused nature of our training data.

Relative Camera Pose Next, we evaluate for the task
of relative pose estimation on the CO3Dv2 [62] dataset.
CO3Dv2 contains 6 million frames extracted from approxi-
mately 37k videos, covering 51 MS-COCO categories.

We compare our method’s Relative Camera Pose results
with popular approaches like RelPose [96], RelPose++ [42],
PoseReg and PoseDiff [78], RayDiff [97], DUSt3R [79] and
MASt3R [39] in Tab. 2. Our experiments show that our
method performs comparably to the original MASt3R [39],
indicating that catastrophic forgetting is not an issue. These
results reinforce that SAB3R retains strong relative cam-
era pose capabilities and can reliably estimate camera poses
from unposed images.

5.3. Zero-Shot Open Vocabulary Tasks
Zero-Shot Transfer to Semantic Segmentation We
evaluate the semantic features learned by SAB3R through
zero-shot semantic segmentation on two datasets: Pascal
VOC [16] and ADE20K [100]. The results, shown in Ta-
ble 4, follow the evaluation protocol of SAM-CLIP [77],
with the key difference being that SAB3R outputs dense
pixel-level predictions. Notably, SAB3R outperforms
SAM-CLIP on the challenging ADE20K benchmark, which
contains 150 semantic classes. While SAB3R does not sur-
pass SAM-CLIP on the Pascal VOC dataset, it delivers com-
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Model Sparse View = 2 Sparse View = 3 Sparse View = 4

mIoU Acc. Comp. Median Comp. Time (s) mIoU Acc. Comp. Median Comp. Time (s) mIoU Acc. Comp. Median Comp. Time (s)

Baseline 4.57 18.10 0.64 0.67 3.92 6.03 21.26 0.68 0.71 22.74 5.12 19.31 0.68 0.70 36.72
SAB3R (C) 17.26 41.11 0.73 0.75 1.92 22.83 53.19 0.78 0.81 7.49 19.92 48.07 0.77 0.80 9.97
SAB3R (CD) 17.50 42.72 0.73 0.76 2.54 22.94 52.86 0.77 0.80 8.67 20.31 46.26 0.75 0.78 12.15

Table 3. Performance comparison across different sparse view configurations (2, 3, and 4 views) with metrics including mIoU, Accuracy,
Mean Completeness, Median Completeness, and Inference Time. The Inference Time refers to both reconstruction time and CLIP feature
extraction.
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Figure 3. mIoU Analysis on Frequently Occurring Objects Across Three Methods (Sparse View = 3). This plot compares mIoU values
for frequently appearing objects, illustrating performance differences between our methods and the pipeline approaches and providing
insights into the superior results achieved by our methods.

Model Arch VOC↑ ADE20k↑
GroupViT [84] ViT-S 52.3 -
ViewCo [63] ViT-S 52.4 -
ViL-Seg [44] ViT-B 37.3 -
OVS [85] ViT-B 53.8 -
CLIPpy [58] ViT-B 52.2 13.5
TCL [7] ViT-B 51.2 14.9
SegCLIP [45] ViT-B 52.6 8.7
SAM-CLIP [77] ViT-B 60.6 17.1
FeatUp (MaskCLIP) - 51.2 14.29
SAB3R (C) ViT-B 55.4 18.29
SAB3R (CD) ViT-B 56.4 19.04

Table 4. Zero-shot Semantic Segmentation Comparison. Per-
formance comparison of zero-shot semantic segmentation with re-
cent state-of-the-art methods. Note: Results for SAB3R are based
solely on the CLIP-head output.

petitive performance and outperforms the teacher model,
FeatUp-upsampled MaskCLIP [13].

Our results suggest that 3D-aware semantic features
learned by SAB3R are particularly effective on large surface
areas such as walls and floors. Furthermore, qualitative ex-
amples, including PCA visualizations of the jointly learned
2D features, are provided in the supplementary material.

(a)

(b)

Figure 4. Qualitative Example of Map and Locate. This fig-
ure illustrates an example from our benchmark. In (a), the ground
truth annotation for the scene is highlighted in red, with the dresser
segmented from the rest of the scene on the left. In (b), the pre-
dictions from SAB3R are highlighted in green, and the predicted
dresser is similarly segmented on the right. These segmented re-
sults are subsequently used to compute evaluation metrics.

5.4. A Novel Task - Map and Locate

We present the results in Tab. 3. Our method, SAB3R , out-
performs the baseline model by a significant margin. More-
over, our inference speed is 3 times faster than the baseline,
as SAB3R is an end-to-end model, whereas the pipeline-
based baseline requires inference from two separate mod-
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Table 5. Head feature probing evaluations on classification,
text-to-image retrieval, and correspondence tasks, comparing
SAB3R with state-of-the-art models using the ViT-B architecture.
SAB3R demonstrates minimal forgetting compared to baseline
FMs on their original tasks.

Model IM1K (FT) G. Corres. S. Corres.

MaskCLIP [13] 83.6 43.05 7.04

MASt3R [38] 48.5 66.2 11.9

SAB3R (C) 58.6 69.2 18.6
SAB3R (CD) 52.9 62.2 14.4

els. Additionally, we observe that our model consistently
outperforms the baseline across all sparse views = 2, 3, 4 in
every metric, demonstrating strong performance in the Map
and Locate task. Specifically, in terms of mIoU and accu-
racy—metrics that emphasize semantic quality—our model
outperforms the baseline by large margin in mIoU and ac-
curacy, which highlights that, despite the challenges in pose
free 3D reconstruction. Our method, SAB3R , can seam-
lessly do 3D reconstruction and semantic segmentation at
the same time. For completion metrics, our model also sur-
passes the baseline in reconstructing semantic-labeled ob-
jects across all sparse view configurations. Additionally, we
observe no direct correlation between the number of views
and the resulting scores. We hypothesize that this is be-
cause an increase in views can enhance scores when mul-
tiple views concentrate on a specific object or region, en-
abling the model to better understand and reconstruct those
parts. Conversely, scores may decrease as the number of
views increases if the scene becomes more dispersed with
minimal overlap between views, complicating the recon-
struction process.

In Fig. 3, our model demonstrates significant improve-
ments over the baseline in large furniture categories such as
sofas, dressers, tables, and chairs. It also successfully rec-
ognizes items like bookshelves and televisions, which the
baseline fails to detect. Across most categories, our model
achieves substantially higher scores, showcasing its strong
semantic understanding and superior 3D reconstruction ca-
pabilities. Furthermore, it exhibits the ability to identify
smaller objects and less common items, underscoring its
versatility and robustness.

In Fig. 4, we showcase an example of mapping and locat-
ing a dresser across two images. In part (b) of the qualitative
example, the predicted segmentation demonstrates remark-
able accuracy compared to the ground truth shown in part
(a), highlighting the effectiveness of our model SAB3R .

5.5. Encoder-Probing Evaluation on Learned Rep-
resentations

By integrating MASt3R [39] and MaskCLIP [13], we hy-
pothesis that our model will inherit the representational
strengths of its parent models. MASt3R [39] excels in
3D tasks, while MaskCLIP is adept at capturing high-
level semantic visual information across entire images. We
hope that our model SAB3R synergistically combines these
strengths, enhancing its versatility across a wide range of
downstream vision tasks. Table 5 highlights the evaluation
results.

First, we present the ImageNet-1k probing experiment
results for MaskCLIP [13], MASt3R, SAB3R distilled
with CLIP, and SAB3R distilled with CLIP [57] and DI-
NOv2 [52]. Our findings indicate that the encoder of
SAB3R produce feature contain richer semantic information
compared to the encoder of MASt3R [39].

Additionally, we provide accuracy results for ge-
ometric correspondence and semantic correspondence,
SAB3R achieves performance comparable to MASt3R [39]
on geometric correspondence. SAB3R achieves better
performance on semantic correspondence compare with
teacher models. This highlights the encoder clearly under-
stand more 2D semantic while preserve strong 3D capabili-
ties. Detailed descriptions of the metrics and probing eval-
uation methodology are included in the supplementary ma-
terials.

6. Conclusion

Our approach demonstrates that distillation preserves the
fundamental capabilities of the base 3D Visual Foundation
Model (VFM), as evidenced by strong performance in depth
estimation and multi-view pose regression tasks. By in-
troducing the novel Map and Locate task, we highlight
the ability of our method to perform Multi-view 3D Open
Vocabulary Semantic Segmentation effectively. This task
showcases a unique combination of 3D structural under-
standing and 2D semantic reasoning, enabling precise seg-
mentation across multiple views.

Additionally, our experiments reveal that our distillation
process not only retains a robust understanding of 3D spa-
tial structures but also significantly enhances the model’s
2D semantic comprehension. This dual capability under-
scores the versatility and effectiveness of our approach. By
bridging the strengths of 2D and 3D VFMs, our method cre-
ates a pathway for future advancements in combining 2D
and 3D representations. As the field of VFMs continues to
grow, we hope this work inspires the research community
to explore new methods for integrating the complementary
strengths of 2D and 3D models for a broader range of tasks.
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SAB3R: Semantic-Augmented Backbone in 3D Reconstruction

Supplementary Material

In Sec.A, we provide additional details about the ex-
periments conducted in this work, including a discussion
of the software used in SAB3R and a detailed breakdown
of each experiment. Sec.C presents supplementary visu-
alizations of the features generated by CLIP [57] and DI-
NOv2 [52]. Comprehensive analysis and visualizations of
our novel task, Map and Locate, are provided in Sec.B, in-
cluding both successful and failure cases from our experi-
ments. Finally, we discuss the limitations of our approach
in Sec.D.

A. More Experiment Details
A.1. Teacher Models and Frameworks
CLIP & MaskCLIP Vision and language models are
trained to generate aligned feature embeddings using a con-
trastive objective. The original CLIP family of models was
proposed by Radford et al. [57] and included a wide va-
riety of architectures in a private dataset of 400M image-
text pairs called WIT. More recently, Ilharco et al. [29]
trained several CLIP models using several architectures
trained on publicly available datasets. In SAB3R , we used
MaskCLIP [13], which enhances CLIP pretraining by in-
troducing masked self-distillation. This transfers knowl-
edge from full-image representations to masked-image pre-
dictions. This approach complements the vision-language
contrastive objective by focusing on local patch representa-
tions while aligning features with indirect supervision from
language. Additionally, MaskCLIP incorporates local se-
mantic supervision into the text branch, further improving
pretraining performance. We follow suggestions from Fea-
tUp [22] that MaskCLIP [13] has better local semantic fea-
ture compare with CLIP [57].

MASt3R MASt3R [39] was trained on an extensive
multi-view dataset comprising 5.3 million real-world im-
age pairs and 1.8 million synthetic pairs. The real-world
data includes diverse scenarios from ARKitScenes [1],
MegaDepth [41], 3DStreetView [94], and IndoorVL [37].
The synthetic data was generated using the Habitat simula-
tor [66], covering indoor, outdoor, and landmark environ-
ments.

Our model is finetuned on top of MASt3R, leveraging
Habitat-Sim [66], ScanNet++[91], and Co3Dv2[62], ARK-
itScenes [1] and BlenderMVS [90].

FeatUp FeatUp [21] is a framework designed to enhance
spatial resolution in deep features for tasks like segmenta-
tion and depth prediction. It addresses the loss of spatial

detail caused by pooling in traditional networks using two
approaches: guided upsampling with high-resolution sig-
nals in a single pass and reconstructing features at arbitrary
resolutions with an implicit model. Both methods use a
multi-view consistency loss inspired by NeRFs to maintain
feature semantics.

FeatUp integrates seamlessly into existing pipelines,
boosting resolution and performance without re-training.
Experiments demonstrate its superiority over other meth-
ods in tasks such as segmentation, depth prediction, and
class activation map generation. In SAB3R , we find the
MaskCLIP variant of FeatUp model can also perform zero-
shot semantic segmentation and we use it as our teacher
model for distillation.

Table 6. Checkpoint Details. Information about the pre-trained
checkpoints used in this work, including source and license.

Checkpoint Source Link License
FeatUp MaskCLIP MaskCLIP MIT
MASt3R MASt3R CC BY-NC-SA 4.0

We list the checkpoints used in SAB3R in Tab. 6, detail-
ing the FeatUp MaskCLIP variant and MASt3R, along with
their source links and license information.

A.2. Experiments Details
Monocular Depth In the main text, we benchmark
SAB3R on the outdoor dataset KITTI [24] and the indoor
dataset NYUv2 [50]. Here, we provide a detailed discus-
sion of the evaluation metrics. Following DUSt3R, we use
two commonly adopted metrics in monocular depth estima-
tion:
• Absolute Relative Error (AbsRel): This measures the rel-

ative error between the ground truth depth y and the pre-
dicted depth ŷ, defined as:

AbsRel =
|y − ŷ|

y
.

• Prediction Threshold (δ1.25): This evaluates the fraction
of predictions within a given threshold and is defined as:

δ1.25 =
max

(
ŷ
y ,

y
ŷ

)
< 1.25

Total Predictions
.

These metrics allow for comprehensive evaluation of
depth prediction accuracy and robustness across different
datasets.
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Figure 5. Camera Distributions. Camera translation differences
and rotation differences at different group levels.

Relative Camera Pose We evaluate SAB3R on the task of
relative pose estimation using the CO3Dv2 dataset [62]. To
assess the relative pose error for each image pair, we report
the Relative Rotation Accuracy (RRA) and Relative Trans-
lation Accuracy (RTA). For evaluation, we select a thresh-
old τ = 15◦ and report RRA@15 and RTA@15, represent-
ing the percentage of image pairs where the errors in rota-
tion and translation are below the threshold τ .

The rotation error erot and translation error etrans for each
image pair are computed as:

erot = arccos

(
trace(R⊤R̂)− 1

2

)
,

etrans = arccos

(
t⊤t̂

∥t∥∥t̂∥

)
,

where R and R̂ are the ground truth and predicted rotation
matrices, and t and t̂ are the ground truth and predicted
translation vectors.

We also report the mean Average Accuracy (mAA@30),
defined as the area under the accuracy curve of the angular
differences for min(RRA@30,RTA@30). The mAA@30
is calculated as:

mAA@30 =
1

30

∫ 30

0

min(RRA@θ,RTA@θ) dθ,

where θ represents the threshold angle in degrees.

Zero-Shot Semantic Segmentation For zero-shot se-
mantic segmentation, we largely follow the approach out-
lined by Ranasinghe et al.[58], utilizing 80 prompt tem-
plates introduced by Radford et al .[57, 77]. Class names are
embedded into these prompts, and text embeddings are gen-
erated using the text encoder. We then compute the cosine
similarity between each text embedding and the correspond-
ing pixel feature—extracted directly from the CLIP head.

The class with the highest cosine similarity is assigned as
the predicted class for each pixel.

The class predictions are subsequently resized to match
the original image dimensions, and the mean Intersection
over Union (mIoU) is computed for evaluation. Unlike prior
methods, our approach eliminates the concept of patches.
Instead, because the CLIP head directly generates per-pixel
features, we can seamlessly perform top-1 matching be-
tween semantic classes and pixel features, bypassing the
need for patch-based processing.

B. Additional Map and Locate Details

B.1. Dataset Summary

We evaluate our Map and Locate framework using the Scan-
Net dataset [11], a large-scale indoor scene dataset that pro-
vides RGB-D sequences, camera poses, semantic and in-
stance annotations. Specifically, we select 10 scenes from
the validation split, each containing diverse object layouts
and camera trajectories. Across these 10 scenes, there are a
total of 436 objects with semantic and instance-level ground
truth annotations.

For evaluation, we construct 2 sets of image groups for
each scene, where each group comprises 2, 3, or 4 images.
The image selection ensures:
• Object visibility: Objects in each group are visible across

multiple images to ensure reliable localization and map-
ping.

• Viewpoint diversity: Selected images capture varying
camera viewpoints to test robustness to occlusion and per-
spective changes.
In total, this results in 60 image groups (2 sets per scene

× 10 scenes × 3 group sizes). Each group is paired with its
corresponding rgb images, depth maps, camera poses (in-
trinsics and extrinsic) , and semantic and instance labels,
providing a comprehensive benchmark for evaluating both
mapping accuracy and object localization performance.

B.2. Dataset Visualizations

We present a dataset statistics visualization in Fig. 5, show-
ing camera translation differences and rotation differences.
Translation differences are computed as the Euclidean dis-
tance between translation vectors, dtranslation = ∥t1 − t2∥2,
and rotation differences are calculated as the geodesic dis-
tance on SO(3), drotation = ∥r∆∥2, where r∆ is the axis-
angle representation of the relative rotation R∆ = R−1

1 R2.
These metrics highlight the variability in camera poses
across the dataset. We observe that as the number of views
increases, both camera translation differences and rotation
differences grow. Despite this, our results demonstrate con-
sistent performance across all group levels, highlighting the
robustness of our algorithm.
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(a) (b)

(c) (d)

Figure 6. Qualitative Examples of Map and Locate with SAB3R . Panels (a), (b), and (c) illustrate successful examples of 3D scene
reconstruction and accurate object segmentation. In each sub-group, the top row shows the ground truth, with the target objects highlighted
in red, accompanied by visualizations of segmented objects for each ground truth target. The bottom row presents the predicted results,
where the segmented objects are shown in green, with the extracted objects displayed on the right for clarity. Panel (d) provides an example
of a failure case.

B.3. More Qualitative Examples
Fig. 6 presents additional qualitative examples demonstrat-
ing the performance of Map and Locate with SAB3R .

C. Additional visualization

Fig. 7 presents additional visualizations of 3D features from
DINO [52] and CLIP [57]. The visualizations highlight dis-
tinct features for different objects. Predicted RGB is pro-
vided as a reference.

D. Limitations

Our study is constrained by limited computational re-
sources, which restricted us from training the model for
more epochs, potentially resulting in under-trained check-
points. Additionally, predicting dense features significantly
increases vRAM requirements, further limiting our abil-
ity to optimize the model fully. Due to these resource
constraints, we were unable to use the entire pre-training
dataset for fine-tuning, which may have prevented the
model from achieving its best possible performance. Our
novel task, Map and Locate, relies on the ScanNet dataset,

which, despite its comprehensiveness, is primarily biased
toward indoor environments. Extending this work to more
diverse datasets, including outdoor or dynamic scenes, rep-
resents an interesting direction for future works.
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RGB DINO CLIP

Figure 7. 3D Feature Visualizations. Additional visualizations of 3D features are presented for DINO and CLIP, alongside the original
RGB 3D point map for reference.
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