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Abstract. Adapting 2D foundation models for 3D spatial understand-
ing faces a critical dilemma. Fine-tuning 2D models to learn 3D geometry
causes the catastrophic forgetting of native 2D knowledge. Conversely,
freezing the 2D model restricts 3D spatial perception. To resolve this
issue, we propose DINOv3D, a joint optimization framework built upon
DINOv3 that employs a homologous teacher-student architecture to es-
tablish a regularized integration between the 2D and 3D understand-
ing. To preserve original 2D priors, DINOv3D distills 2D knowledge into
a 3D Gaussian regularization field, which aligns the rendered features
with the reference visual features from a frozen teacher model. Mean-
while, a student model processes long-context multi-view inputs through
parameter-efficient fine-tuning. This step injects 3D spatial consistency
priors to 2D model while using the regularization field to mitigate the
forgetting of 2D knowledge. To enrich the hierarchical representation of
3D spatial understanding, the student model predicts additional seman-
tic and instance Gaussian features. We then apply a ray-depth-semantic
alignment mechanism, which uses 3D depth-ray priors to enforce multi-
view consistency across 2D semantic rendering. Extensive experiments
demonstrate that, despite updating only 10% of the parameters of a
1B-parameter foundation model VGGT, DINOv3D achieves state-of-the-
art results in comprehensive 3D scene understanding across challenging
novel view synthesis, depth estimation, and open-vocabulary semantic
segmentation. Furthermore, DINOv3D consistently enhances the gener-
alizability of the DINOv3 backbone on 2D linear probing benchmarks.

Keywords: Representation Learning · Foundation Models · Scene Un-
derstanding · Gaussian Splatting · Joint Optimization

1 Introduction

Modern perception systems increasingly rely on 2D Vision Foundation Models
(VFMs) for diverse visual tasks [5,6,13,19,41,45,50,54,66]. To adapt 2D VFMs
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Fig. 1: DINOv3D takes multi-view images as input and produces a unified 3D Gaussian
scene representation, achieving state-of-the-art results across 2D and 3D domains.

to the 3D domain, conventional practices involve extracting features using frozen
2D models augmented with additional 3D modules [71], or performing uncon-
strained fine-tuning combined with 3D Gaussian Splatting [7,9,11,16,29,42,53,
55,73]. However, as these 2D models are trained on unposed images, they inher-
ently lack multi-view consistency and 3D spatial awareness [23,47,57,68]. Conse-
quently, this paradigm often exhibits inconsistencies under viewpoint variations
and occlusions [18,37,47,57]. To overcome this limitation, the adaptation requires
the integration of 3D geometric regularization, which enforces spatial consistency
and provides the structural context for scene understanding [14,23,47,55,57,68].

Realizing this geometry-regularized adaptation presents significant optimiza-
tion challenges. The naive fine-tuning of 2D models causes the catastrophic for-
getting of inherent 2D knowledge. While standard teacher-student distillation
from 2D models mitigates this forgetting, it relies on 3D geometric pseudo-
labels [68]. Furthermore, this distillation exposes an inherent defect. Severe oc-
clusions within short-context inputs lead to unreliable 3D geometric constraints,
thereby injecting erroneous distillation gradients into the student model. Conse-
quently, the regularized adaptation necessitates the capability to process long-
context inputs. This capability provides spatial-temporal geometric consistency,
which acts as a reliable physical filter to correct noisy 2D priors and ensures that
the student model learns robust 3D structures without collapsing [57].

To address these challenges, we introduce DINOv3D, a unified spatial under-
standing framework based on DINOv3 [50]. Built upon a homologous teacher-
student dual-branch architecture, DINOv3D leverages 3D Gaussian Splatting [29]
as a core representation to enable both 2D prior-anchored regularization and
long-context 3D prior-guided multi-view consistent alignment. Specifically, a
frozen teacher model distills inherent 2D knowledge into a 3D Gaussian reg-
ularization field by enforcing rendering consistency against the 2D feature maps
of the teacher. This field serves as a reliable anchor to prevent catastrophic for-
getting. Concurrently, the corresponding student model is updated via LoRA [24]
to absorb new 3D geometric constraints. Unlike the frozen teacher, which pro-
cesses individual frames independently to preserve pure 2D spatial priors, the
student model establishes multi-view consistent alignment by incorporating a
shifted window attention mechanism during feature extraction to build cross-
frame connections. Furthermore, DINOv3D utilizes 3D Gaussian Splatting to
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represent and render the extracted semantic features within this unified regular-
ization field. To prevent semantic inconsistency during the rendering process, a
ray-depth-semantic alignment strategy utilizes depth-ray 3D priors to explicitly
constrain the cross-view consistency of the regularization field.

Extensive experiments demonstrate the superiority of DINOv3D across 3D
and 2D domains. For 3D scene understanding, DINOv3D achieves state-of-the-
art performance in novel view synthesis, depth estimation, and open-vocabulary
semantic segmentation on ScanNet [12]. Specifically, in novel view synthesis, DI-
NOv3D outperforms Uni3R [53] by +1.78 dB PSNR, using merely 10% train-
able parameters. Furthermore, DINOv3D preserves 2D knowledge across diverse
linear probing tasks, including global classification and dense prediction. For
instance, it yields a +1.3% improvement over DINOv3 [50] on ImageNet-R [21].

2 Related Work

3D Scene Understanding. The paradigm of 3D scene understanding is ac-
tively transitioning from computationally expensive per-scene optimization [2,
8,10,22,29,67,73] to efficient feed-forward frameworks [4,7,27,34,38,58–60,70].
Although recent unified models [15, 48, 53, 55, 56] jointly formulate geometric
and semantic fields from sparse views, inherent memory constraints restrict the
operational capacity to short context windows (e.g ., 2–16 views). This restric-
tion severely diminishes the extended multi-view spatial coverage and global
geometric coherence of the reconstructed scenes, particularly under severe oc-
clusion or within texture-less regions. Furthermore, the decoupled optimization
of 2D visual representations and 3D structural priors in these conventional meth-
ods frequently induces semantic inconsistencies across varying viewpoints. The
proposed memory-efficient architecture directly addresses these limitations by
facilitating long-context joint optimization across the spatiotemporal domains.

Lifting 2D Features to 3D. Lifting 2D features to 3D requires transferring
strong priors while preserving cross-view consistency. Early optimization-based
methods [17,30,41,42,52,73,75] match 3D fields to 2D visual foundation models,
but their computational cost hinders real-time application. Recent feed-forward
approaches [15,33,53,56] directly unproject 2D features using explicit camera pa-
rameters. However, these deterministic projection paradigms implicitly assume
that VFM features (e.g ., CLIP [45], DINOv2 [41], SAM [46]) are strictly con-
sistent across viewpoints. In reality, VFMs exhibit significant view-dependent
semantic instability. Existing strategies relying on simple aggregation heuristics
inherently fail to dynamically resolve these semantic conflicts, inevitably caus-
ing blurred 3D representations. Our work addresses this not by altering native
features before projection, but by leveraging a trainable student backbone that
incorporates long-range multi-view consistency to dynamically resolve conflicts.

Injecting 3D Priors to 2D. Conversely, utilizing 3D structures to enhance
2D perception remains less explored. Early works like Pri3D [23] utilize explicit
3D data for contrastive pre-training. Recent studies transition toward implicit
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supervision, demonstrating that extensive multi-view observations produce ro-
bust, view-invariant 2D features [57] and unify 2D-3D tasks [47]. However, these
approaches frequently lack explicit geometric reconstruction. While FiT3D [68]
incorporates differentiable rendering, it still depends on slow per-scene optimiza-
tion. Furthermore, geometry-focused models like Depth Anything 3 [34] provide
strong reconstruction but often compromise semantic capabilities. Our method
synthesizes these paradigms by utilizing extensive multi-view sequences within
a feed-forward framework to inject 3D structural cues, thereby simultaneously
improving the geometric awareness and semantic generalization of 2D features.

3 Method

3.1 Problem Formulation

Given a sequence of input images I={Ik ∈ RH×W×3}Kk=1, our primary objective
is to jointly recover a 3D Gaussian representation of the scene and refine the 2D
representations of the foundation model. This formulation bridges the visual
space of foundation models with the geometric space of 3D Gaussians.
Visual Space. For each image I, we first patch it into visual tokens T ∈RN×C

and subsequently prepend a camera embedding token ecam∈R9 to visual tokens.
Following Depth Anything 3 [34], a unified Dense Prediction Transformer (DPT)
decoder processes these features to predict a depth map D ∈ RH×W , a dense
ray map R ∈ RH×W×6 and a Gaussian field G. We directly utilize the pose
extraction algorithm from [34] to obtain the camera poses required for the 3D
Gaussian splatting [29]. The ray map implicitly encodes camera geometry via ray
origins ou ∈ R3 and directions du ∈ R3 for each 2D pixel u. The 3D coordinates
are unprojected using the predicted depth and the ray directions.
Regularized 3D Gaussian Field. DINOv3D predicts a 3D Gaussian field
G={g} in a feed-forward manner. Each Gaussian g is centered at 3D coordinate
x∈R3 with a rotation quaternion q∈R4, opacity α∈R+, scales s∈R3 and SH
coefficients β∈R48 of degree 3. To enable unified understanding and joint opti-
mization, we attach three feature vectors to each Gaussian primitive: fsem∈R64

for open-vocabulary semantics, fins∈R8 for instance discrimination, and a reg-
ularization feature freg∈R64. Because explicitly defining semantics and instance
boundaries requires specialized priors beyond the generalized visual features of
DINOv3, our framework operates as a unified distillation hub. Specifically, it
absorbs explicit knowledge from task-specific experts, such as LSeg [32] and
SAM [6], into fsem and fins. Concurrently, freg serves as a distillation target
aligned with a frozen teacher model to ground the intrinsic features and pre-
vent the catastrophic forgetting of 2D knowledge. Consequently, the complete
parameter set of the 3D Gaussian is defined as g={x, q,α, s, c,fsem,fins,freg}.
Teacher-Student Regularized Architecture. As illustrated in Fig. 2, the
overall architecture comprises two branches, where both the teacher and student
models are initialized with the same DINOv3 [50] weights. In the teacher branch,
the visual backbone of the teacher model Eψ is frozen, and the task-specific DPT
decoder is trained alongside the projection heads. Specifically, these projection
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Fig. 2: Overview of DINOv3D framework. DINOv3D lifts 2D DINOv3 features
into a regularized 3D Gaussian field, where a frozen teacher preserves 2D priors and a
student learns semantic-geometric consistency through rendering-based alignment.

heads employ differentiable rendering to project the 3D Gaussian field into task-
specific 2D rendering outputs. Subsequently, the backbone of the student is un-
locked via LoRA [24] to jointly optimize the consistency of the rendering results,
encompassing appearance, semantics, and regularization features. During this
second branch, the regularization head Hreg is strictly frozen to enforce an in-
variant projection subspace. Combined with explicit supervision from the frozen
teacher, this mechanism ensures that the evolving representation of the student
remains firmly anchored to the original 2D knowledge.

3.2 2D Prior-Anchored Regularization Alignment

In the teacher branch, our goal is to establish a geometrically consistent 3D
Gaussian representation that is strictly grounded in the feature space of the
2D foundation model. We freeze the backbone Eψ of teacher to preserve 2D
knowledge and optimize the decoder Dϕ along with the regularization head Hreg.
Regularization Field Construction. To enforce consistency between the 2D
features and the 3D Gaussian field, we utilize Hreg to predict features freg, which
are rendered into a 2D feature map Freg via differentiable rasterization [29]:

Freg =
∑Ng

i=1
freg ·αi

∏i−1

j=1
(1−αj) , (1)

where Ng denotes the number of 3D Gaussians. This rendered map bridges the
geometric 3D Gaussian field and the continuous 2D feature space.
Feature-Metric Alignment Loss. We treat the output features of the frozen
teacher model, denoted as Fgt = Eθ(I), as the pseudo-ground-truth. The align-
ment is driven by minimizing the discrepancy between the rendered features and
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the native features of the foundation model across a set of valid pixels Ω, which
are identified by filtering based on the confidence of the depth map:

Lreg =
1

|Ω|
∑

u∈Ω

(
1−

Fu
reg · Fu

gt

∥Fu
reg∥1∥Fu

gt∥1
)
. (2)

By optimizing Lreg, we constrain the decoder to align 3D Gaussian projections
with high-quality 2D features, establishing a robust 2D knowledge anchor.

3.3 3D Prior-Guided Semantic-Geometric Alignment

Combined with the 2D knowledge anchor, we employ LoRA fine-tuning to cap-
ture 3D priors (e.g ., spatial-temporal consistency and object permanence) while
simultaneously refining the 3D geometry estimation. To process long-context
sequences (i.e., up to 128 frames) within this phase, we implement a shifted-
window attention mechanism to facilitate spatial-temporal resonance, a unified
decoding architecture, and a ray-depth-semantic alignment strategy.
Spatial-temporal Resonance via Shifted Windows. Directly applying global
attention across extensive input sequences by concatenating all frames is com-
putationally prohibitive and semantically redundant. To address this limitation,
we introduce a Shifted Window Attention with Dual Memory mechanism. This
mechanism captures the hierarchical multi-view connection through the design
of two distinct categories of learnable memory tokens. Specifically, the global
memory token Tglobal ∈ RC models the scene-level representation, while local
memory tokens Tlocal ∈RW×C provide window-level conditioning. Besides, the
inherent class token Tcls ∈ RK×C is preserved to extract the frame-level sum-
mary. Structurally, we partition the transformer into two sequential groups of
sizes Ls and Lg. The initial Ls layers execute intra-frame self-attention inde-
pendently for each image. For the k-th frame residing in a context window w,
the spatial visual tokens Tk, the class token Tcls,k, and the dual memory tokens
are concatenated along the sequence dimension. The feature extraction at layer
l ∈ {1, . . . , Ls} utilizes the standard multi-head self-attention:

[T l
cls,k;T

l
global;T

l
local,w;T

l
k] = Attn

(
[T l−1
cls,k;T

l−1
global;T

l−1
local,w;T

l−1
k ]

)
, (3)

where [·; ·] denotes the concatenation operation. This configuration ensures that
both global and local memory tokens actively participate in the frame-wise rep-
resentation learning to inject hierarchical spatial-temporal awareness.

Subsequently, the Lg layers alternate between the aforementioned intra-frame
attention and a local cross-view window attention. To circumvent the quadratic
complexity of global cross-view interactions, we restrict the temporal attention
span by partitioning the sequence into local windows of size W . For a specific
window w encompassing a subset of frame indices Zw, the cross-view attention
operates via window-based self-attention on the aggregated token sequence:

[T l
cls,w;T

l
global;T

l
local,w;T

l
w] = Attn

(
[T l−1
cls,w;T

l−1
global;T

l−1
local,w;T

l−1
w ]

)
, (4)
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where T l
cls,w = Concati∈Zw

(T l
cls,i) and T l

w = Concati∈Zw
(T l
i ) represent the ag-

gregation of the frame-level and spatial tokens within the window.
To establish long-range spatial-temporal dependencies without invoking ex-

pensive global attention [20, 39, 61–63], we shift the partition by ⌊W/2⌋ views
in successive cross-view layers. Through this alternating routing scheme, Tglobal
functions as a continuous global bridge, propagating global semantic informa-
tion across distinct subsets of views. Concurrently, Tlocal specializes in capturing
fine-grained local variations within the boundaries of a specific window. This pro-
posed structure efficiently facilitates the joint optimization of 2D features and
3D geometry while strictly maintaining linear computational complexity.

Unified Geometric-Semantic Decoding. To facilitate the simultaneous re-
finement of geometric cues (i.e., depth and rays) and semantic properties (i.e.,
3D Gaussian fields), we employ a unified DPT decoder Dϕ as a centralized
processing module. Rather than utilizing separate branches that can introduce
feature misalignment, this decoder aggregates the backbone features from four
scales into a single high-resolution representation Fshared = Ψ(f1, . . . ,f4).

From this shared representation, lightweight convolutional refinement mod-
ules A first project the features into specific functional subspaces, which are then
mapped by prediction heads H to yield dense geometric predictions:

D = Hdepth(Adepth(Fshared)), R = Hray(Aray(Fshared)),

G = Hgauss(Agauss(Fshared)).
(5)

This shared architecture learns task-agnostic representations in the fused
space, subsequently refined through targeted optimization in individual branches.
Ray-Depth-Semantic Alignment. Existing methods frequently lift 2D fea-
tures into 3D without imposing geometric constraints, despite the importance
of geometry for comprehensive scene understanding. To facilitate structurally-
aware alignment, we initially address the limitations of current multi-view datasets
(e.g ., noisy 2D labels projected from sparse 3D annotations) by constructing a
high-quality, large-scale multi-view dataset, Uni3D. The data are collected from
existing datasets (ScanNet [12], ScanNet++ [65], RealEstate10K [74], DL3DV [35],
etc.). We employ a multi-stage pipeline utilizing foundation models (e.g ., Depth
Anything 3 [34] and SAM 3 [6]) to generate dense and spatially consistent an-
notations for geometry, semantics, and instances. Specifically, we extract 2D
pseudo-labels using these models, establish multi-view consistent 2D correspon-
dences based on camera parameters, and generate aggregated 3D annotations
via the back-projection of the 2D labels. This dataset supplies the supervision
required by the alignment module (refer to the Appendix for details).

The ray-depth-semantic alignment module couples semantic learning with
geometric constraints. By leveraging the predicted rays R and depth D, we
establish the geometric correspondence between a pixel us in the source view
and its corresponding pixel ut in the target view:

us→t = Pt
(
ous

+Dus
· dus

)
, (6)
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where Pt denotes the projection operation. Since the student model is unlocked
to adapt geometric knowledge, early-stage predictions are inevitably noisy. Align-
ing features via flawed correspondences risks injecting noise into the gradients
of the model, causing feature space collapse. To ensure robust optimization, we
modulate the alignment loss using the depth confidence metric Mus

:

Lalign =
∑

(us,ut)∈Q
Mus

(
∥Fus

sem − Fus→t
sem ∥1 + ∥Fus

ins − Fus→t
ins ∥1

)
, (7)

where Q denotes the collection of pixel pairs that successfully project within the
spatial boundaries of the target view. The minimization of Lalign aligns semantic
boundaries with geometric discontinuities, thereby enhancing the fidelity of the
3D representation and propagating geometric cues back into the 2D knowledge.

3.4 Optimization Objectives

DINOv3D is trained end-to-end using a composite loss function that jointly
optimizes high-fidelity appearance, accurate geometry, semantic consistency, and
instance discrimination. The total objective Ltotal is shown below:

Ltotal = Lreg + Lrgb + Ldepth + Lray + Lsem + Lins + Lalign. (8)

Photometric Reconstruction (Lrgb). To ensure high-quality visual synthesis,
we minimize the difference between the rendered image Î and the ground truth
I. We employ a combination of L1 loss and a LPIPS loss term [69]:

Lrgb = ∥Î − I∥1 + Llpips(Î, I). (9)

Geometric Consistency (Ldepth). To supervise the explicit geometry pre-
dicted by our DPT decoder, we combine a confidence-weighted depth L1 term
with a depth-gradient regularizer:

Ldepth =
1

|Ω|
∑

u∈Ω

(
Mu

∣∣Du −Dgt,u

∣∣− logMu

)
+ ∥∇D −∇Dgt∥1. (10)

Here, Ω represents the set of valid pixels, Mu denotes depth mask, and ∇ denotes
spatial finite difference operators.
Ray and Reprojection Loss (Lray). We supervise both the predicted ray
map and the reprojected point map reconstructed from depth and rays:

Lray = ∥R−Rgt∥1 + ∥X̂ −Xgt∥1, X = o+D · d, (11)

where Xgt is the normalized ground-truth reprojected point map, and (o,d) are
the predicted ray origin and direction encoded in R.
Semantic and Instance Supervision (Lsem, Lins). For the semantic and
instance branches, we render the feature maps Fsem and Fins using the same
Gaussian rasterizer. We supervise the semantic branch by distilling from a frozen
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LSeg encoder: given LSeg features Flseg extracted from the target view, we align
them with the rendered semantic features Fsem using a cosine-similarity loss:

Lsem =
1

|Ω|
∑

u∈Ω

(
1−

Fu
lseg · Fu

sem

∥Fu
lseg∥1 ∥Fu

sem∥1
)
, (12)

which lifts rich 2D open-vocabulary semantics into the 3D Gaussian represen-
tation. The instance branch employs SAM [6] masks S for weak supervision,
applying a cosine contrastive loss to the rendered feature map Fins to align
pixels u and u′ within the same mask S:

Lins = − log
1

|Ω|
∑
u∈Ω

( ∑
u′∈S

sim
(
Fu
ins,F

u′

ins

)
+

∑
u′ /∈S

(
1− sim

(
Fu
ins,F

u′

ins

)))
.

(13)

4 Experiments

4.1 Experimental Setup

Unified 3D Scene Understanding and Visual Geometry Estimation.
Following the protocol established in [15], we evaluate the model on ScanNet [12]
across three tasks: novel view synthesis, depth estimation, and open-vocabulary
semantic segmentation. Performance is quantified using PSNR, SSIM, and LPIPS
for rendering; Absolute Relative error (Abs Rel) and Inlier Ratio (δ < 1.25) for
geometry; and mIoU and mAcc for semantics. Furthermore, geometric robust-
ness is evaluated across distinct tasks and datasets. Specifically, we assess novel
view synthesis on RealEstate10K [74] under various overlap conditions, relative
pose estimation on RealEstate10K and ACID [36], and cross-dataset generaliza-
tion on ACID and DTU [26]. For the recovery of relative poses, we report the
Area Under the Curve (AUC) at thresholds of 5◦, 10◦, and 20◦.
2D Feature Linear Probing. To verify that 3D-aware training retroactively
enhances the 2D backbone, we train linear heads on the frozen features follow-
ing the protocol of DINOv3 [50]. We evaluate the representation generalizabil-
ity across global classification benchmarks (ImageNet-Real [3], ImageNet-R [21],
ObjectNet [1], and Oxford-H [44]) and dense prediction tasks, including semantic
segmentation (ADE20K [72]), depth estimation (NYUv2 [49]), video segmenta-
tion (DAVIS [43]), and geometric correspondence (NAVI [25] and SPair [40]).

4.2 Implementation Details

We implement DINOv3D in PyTorch using 8 NVIDIA H20 GPUs. The backbone
network is initialized with the pre-trained DINOv3 ViT-L [50].
Training Configuration. DINOv3D is trained using the AdamW optimizer
with a learning rate of 1× 10−4, a weight decay of 0.05, and a cosine annealing
schedule. Input images are processed at a base resolution of 256 × 256. During
the training process, the student backbone is adapted via LoRA with a rank of
r = 16, alongside the joint training of the DPT decoder and the task-specific
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Table 1: Quantitative comparison (§4.3) on ScanNet across different number of
input views for novel view synthesis (NVS), open-vocabulary semantic segmentation
(OVSS), and depth estimation (DE).

NVS OVSS DEMethods
Params /

Train Params PSNR ↑ SSIM ↑ mIoU ↑ Acc ↑ rel ↓ τ ↑
2 input views

Feature3DGS [73] None 24.49 0.8132 0.4223 0.7174 12.95 21.07
LSM [15] 0.6B / 0.6B 24.39 0.8072 0.5078 0.7686 3.38 67.77

Uni3R [53] 1.3B / 1B 25.53 0.8727 0.5584 0.8268 3.87 61.37
DINOv3D 0.4B / 0.1B 25.67 0.8823 0.5768 0.8512 3.02 70.52

8 input views
Feature3DGS [73] None 18.17 0.674 0.195 0.724 17.28 13.31

Uni3R [53] 1.3B / 1B 24.12 0.829 0.554 0.807 4.46 56.88
DINOv3D 0.4B / 0.1B 25.43 0.842 0.563 0.8325 3.38 66.74

16 input views
Feature3DGS [73] None 17.09 0.649 0.198 0.672 23.71 10.57

Uni3R [53] 1.3B / 1B 23.24 0.8081 0.522 0.795 5.88 42.88
DINOv3D 0.4B / 0.1B 24.68 0.823 0.541 0.8286 3.59 64.28

32 input views
Feature3DGS [73] None 16.53 0.6127 0.176 0.621 28.95 7.89

Uni3R [53] 1.3B / 1B 22.54 0.7863 0.505 0.772 6.21 37.52
DINOv3D 0.4B / 0.1B 24.32 0.802 0.529 0.8131 3.86 60.15

heads. The network is fine-tuned for 100 epochs with a batch size of 1. To
facilitate long-context learning across multiple views, sliding window attention
is employed with a window size of 16 and a sequence length of 128.
Linear Probing Evaluation. Following the standard linear probing protocol
established for DINOv3, the quality of the learned representations is evaluated
by training linear layers on top of the frozen backbone.

4.3 Results on Unified 3D Scene Understanding
Table 1 reports the quantitative performance on ScanNet across varying input
views. DINOv3D consistently establishes new state-of-the-art results across ge-
ometry, appearance, and semantics, demonstrating remarkable scalability and ef-
ficiency. Most notably, DINOv3D outperforms the billion-parameter Uni3R [53]
while using only 10% of the trainable parameters (0.1B vs 1.0B), validating the
effectiveness of our progressive collaborative strategy.
Novel View Synthesis. As demonstrated in Table 1 and Fig. 3, DINOv3D
achieves superior rendering fidelity when compared to both the large-scale LSM [15]
and the unified framework of Uni3R [53]. Notably, under the sparse 2-view set-
ting, DINOv3D attains a PSNR of 25.67 dB, which surpasses the performance
of Uni3R (25.53 dB) and LSM (24.39 dB). Furthermore, this performance advan-
tage consistently persists as the number of input views increases. These results
validate that the progressive collaborative strategy, which effectively adapts a
frozen backbone rather than training from scratch, yields a highly robust and
accurate 3D representation for novel view synthesis.
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Novel Feature 3DGS LSM Uni3RSource View Ours

Fig. 3: Qualitative comparison of novel view synthesis on ScanNet (§4.3).

Novel GT LSeg Feature 3DGS LSM Uni3RSource Ours

Fig. 4: Qualitative comparison of open-vocabulary semantic segmentation on Scan-
Net (§4.3). The dense 2D GT labels are obtained by projecting sparse 3D annotations,
so some regions are inevitably incomplete or missing.

Open-Vocabulary Semantic Segmentation. As qualitatively illustrated in
Fig. 4, the proposed ray-depth-semantic alignment yields clear benefits. Under
the 2-view setting, DINOv3D achieves an mIoU of 57.68% and an Accu-
racy of 85.12%, significantly outperforming Uni3R and Feature3DGS. While
baselines struggle with multi-view semantic inconsistency—evidenced by the per-
formance decline of Feature3DGS with additional views—DINOv3D maintains
robust consistency. This confirms that rectifying 2D features via geometric con-
straints effectively prevents semantic blurring in 3D space.
Depth Estimation. As illustrated in Fig. 5, DINOv3D establishes a new state-
of-the-art for geometric reconstruction. Under the 2-view setting, DINOv3D
achieves the lowest absolute relative error (3.02) and the highest δ < 1.25 ac-
curacy (70.52%). Compared to Uni3R (3.87) and LSM (3.38), DINOv3D re-
covers significantly more precise geometry. This enhanced precision is directly
attributable to the integration of robust 3D priors, which effectively resolves
ambiguities in texture-less regions where baseline methods fail.

4.4 Results on Geometry-specific Tasks

Geometry Reconstruction. Table 2 evaluates geometry reconstruction via
novel view synthesis on RealEstate10K [74] under varying overlap settings. We
compare DINOv3D against pose-required and pose-free baselines. Among the
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Novel GT Feature 3DGS LSM Uni3RSource Ours

Fig. 5: Qualitative comparison of depth estimation on ScanNet (§4.3).

Table 2: Quantitative comparison (§4.4) of novel view synthesis on
RealEstate10K [74] under various overlap settings.

Small Medium LargeMethods PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
Pose-Required
pixelSplat [7] 20.277 0.719 0.265 23.726 0.811 0.180 27.152 0.880 0.121
MVSplat [11] 20.371 0.725 0.250 23.808 0.814 0.172 27.466 0.885 0.115

Pose-Free
MASt3R [31] 16.305 0.516 0.451 18.106 0.561 0.377 17.975 0.524 0.402

CoPoNeRF [22] 17.393 0.585 0.462 18.813 0.616 0.392 20.464 0.652 0.318
Splatt3R [51] 17.789 0.582 0.375 18.828 0.607 0.330 19.243 0.593 0.317

NoPoSplat [64] 22.514 0.784 0.210 24.899 0.839 0.160 27.411 0.883 0.119
SelfSplat [28] 14.828 0.543 0.469 18.857 0.679 0.328 23.338 0.798 0.208
DINOv3D 23.585 0.812 0.186 25.869 0.861 0.142 28.231 0.903 0.102

Table 3: Quantitative comparison (§4.4) on RealEstate10K [74] and ACID [36] for
relative pose estimation.

RealEstate10K ACIDMethods 5◦ ↑ 10◦ ↑ 20◦ ↑ 5◦ ↑ 10◦ ↑ 20◦ ↑
DUSt3R [59] 0.329 0.537 0.691 0.113 0.273 0.469
MASt3R [31] 0.351 0.557 0.701 0.159 0.362 0.524

NoPoSplat [64] 0.568 0.737 0.839 0.342 0.504 0.653
SelfSplat [28] 0.223 0.413 0.589 0.213 0.372 0.541
DINOv3D 0.635 0.774 0.861 0.371 0.544 0.687

pose-free approaches, DINOv3D consistently achieves the best results across all
metrics, significantly outperforming the strongest baseline, NoPoSplat [64]. Fur-
thermore, it surpasses the performance of heavily optimized pose-required mod-
els, such as pixelSplat [7] and MVSplat [11]. For example, under the large overlap
setting, DINOv3D attains a PSNR of 28.231.
Pose Estimation. As detailed in Table 3, we evaluate relative pose estima-
tion on RealEstate10K [74] and ACID [36]. We compare DINOv3D against re-
cent baselines, including DUSt3R [59], MASt3R [31], NoPoSplat [64], and SelfS-
plat [28], using accuracy metrics under angular error thresholds of 5◦, 10◦, and
20◦. The results demonstrate that our method consistently achieves the highest
accuracy across all thresholds. Specifically, it yields a substantial improvement
over the most competitive baseline, NoPoSplat [64]. For instance, under the strin-
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Table 4: Quantitative comparison (§4.4) on ACID [36] and DTU [26] for cross-
dataset generalization.

ACID DTUMethods PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
pixelSplat [7] 25.477 0.770 0.207 15.067 0.539 0.341
MVSplat [11] 25.525 0.773 0.199 14.542 0.537 0.324

NoPoSplat [64] 25.765 0.776 0.199 17.899 0.629 0.279
SelfSplat [28] 22.204 0.686 0.316 13.249 0.434 0.441
DINOv3D 26.214 0.801 0.172 18.115 0.659 0.237

Table 5: Linear probing evaluation on 2D tasks (§4.5). We compare our fine-
tuned DINOv3D against the original DINOv3 baseline across diverse benchmarks.

Global Tasks Dense TasksMethods IN-ReaL↑ IN-R↑ Obj.Net↑ Ox.-H↑ ADE20k↑ NYUv2↓ DAVIS↑ NAVI↑ SPair↑
DINOv3 90.2 88.1 74.8 63.1 54.9 0.352 79.9 62.3 61.3

DINOv3D 90.3 89.4 76.3 63.8 55.4 0.324 79.9 63.9 62.1

gent 5◦ threshold, DINOv3D attains an accuracy of 0.635 on RealEstate10K
and 0.371 on ACID. These findings validate the superiority of DINOv3D in
accurately recovering relative camera poses.

Cross-dataset Generalization. As presented in Table 4, we evaluate the cross-
dataset generalization on ACID [36] and DTU [26]. We compare DINOv3D
against recent baselines, including pixelSplat [7], MVSplat [11], NoPoSplat [64],
and SelfSplat [28], using standard image synthesis metrics. The quantitative re-
sults demonstrate that our method consistently achieves the highest performance
across all metrics. Notably, on ACID, DINOv3D attains a PSNR of 26.214 and
an SSIM of 0.801, outperforming the most competitive baseline, NoPoSplat [64].
Furthermore, on DTU, DINOv3D maintains superior robustness despite the do-
main gap, yielding a PSNR of 18.115 and an LPIPS of 0.237.

4.5 Results on 2D Linear Probing

To verify 3D reconstruction as an effective regularizer for 2D representation
learning, we evaluate the fine-tuned backbone features via linear probing, follow-
ing the same protocol in [50]. As shown in Table 5, DINOv3D consistently out-
performs the DINOv3 baseline across global classification and dense prediction
tasks, mitigating the catastrophic forgetting typically associated with domain-
specific fine-tuning. Substantial improvements occur in tasks requiring spatial
and geometric reasoning. For instance, depth estimation RMSE on NYUv2 [49]
decreases to 0.324, indicating enhanced metric scale awareness. Furthermore,
accuracy on ObjectNet [1] improves by 1.5%, while point correspondence per-
formance on NAVI [25] and SPair [40] increases by 1.6% and 0.8%, respectively.
These gains demonstrate that multi-view consistency constraints facilitate learn-
ing view-invariant spatial representations. Beyond geometric tasks, DINOv3D
exhibits enhanced robustness on standard classification benchmarks.
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Table 6: Ablation of key components on ScanNet and ADE20k (§4.6). We incre-
mentally add the Dual Branch architecture (Dual Br.), Long Context (128 frames),
Ray-Depth-Semantic Alignment (Align.), and the Uni3D Dataset to the baseline.

ScanNet (3D) ADE20k (2D)Methods Dual Br. Align. Long Ctx. PSNR↑ SSIM↑ rel↓ mIoU↑ mIoU↑
Baseline (Frozen) - - - 23.45 0.782 3.85 51.2 54.9

+ Dual Br. ✓ - - 24.62 0.825 3.42 54.5 55.0
+ Align. ✓ ✓ - 25.41 0.868 3.15 55.6 55.2

+ Long Context ✓ ✓ ✓ 25.58 0.877 3.11 56.5 55.3
+ Uni3D (Ours) ✓ ✓ ✓ 25.67 0.882 3.02 57.7 55.4

Table 7: Ablation of input context length on ScanNet (§4.6).

Context Length 8 frames 32 frames 64 frames 128 frames 144 frames
PSNR ↑ 24.62 25.10 25.45 25.67 25.69

rel ↓ 3.42 3.28 3.11 3.02 3.01

Table 8: Ablation of fine-tuning strategies on ScanNet and NYUv2 (§4.6).

3D Task (ScanNet) 2D Task (NYUv2)Strategy PSNR ↑ rel ↓ RMSE ↓ mAcc ↑
Frozen Backbone 24.15 3.65 0.352 81.2
Full Fine-tuning 25.72 3.01 0.385 77.5
LoRA (Ours) 25.67 3.02 0.324 84.6

4.6 Ablation Studies

Effectiveness of Key Components. Table 6 presents an ablation study of
the proposed components. The baseline yields a PSNR of 23.45 dB on Scan-
Net dataset and an mIoU of 54.9% on ADE20K dataset. Integrating the dual-
branch architecture reduces the relative error to 3.42 and effectively improves
two-dimensional knowledge retention. Subsequently, adding ray-depth-semantic
alignment and extending the context length to 128 frames progressively enhance
three-dimensional geometric metrics. Finally, training on the proposed Uni3D
dataset achieves optimal performance, notably boosting the mIoU on ScanNet
dataset to 57.7%, the PSNR to 25.67 dB, and the mIoU on ADE20K dataset
to 55.4%. These results validate the efficacy of the whole design.
Impact of Context Length. Table 7 evaluates the effect of varying the input
sequence length during training. Extending the context from 8 to 128 frames
consistently enhances the reconstruction quality. The performance saturates at
128 frames, indicating an optimal balance between capturing spatial-temporal
consistency and maintaining computational efficiency.
Fine-tuning Strategy: Frozen vs Full vs LoRA. Table 8 evaluates strate-
gies for updating the backbone. While a Frozen backbone restricts 3D adap-
tation, Full Fine-tuning achieves strong 3D performance at the cost of catas-
trophic forgetting on 2D tasks. The proposed LoRA-based approach strikes an
optimal balance, maintaining competitive 3D reconstruction quality while simul-
taneously enhancing the 2D representations (yielding the lowest NYUv2 RMSE
of 0.324). This validates the efficacy of the collaborative optimization paradigm.
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5 Conclusion

In this paper, we presented DINOv3D, a joint optimization framework that
unites the paradigms of 2D and 3D spatial understanding through 3D Gaussian
Splatting. By employing a homologous teacher-student architecture, DINOv3D
effectively absorbs multi-view geometric constraints while preventing the catas-
trophic forgetting of pre-trained 2D features. Extensive experiments demonstrate
that DINOv3D establishes state-of-the-art performance across diverse and chal-
lenging 2D&3D spatial perception tasks.
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