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Abstract. Despite the remarkable success of large-scale pre-trained im-
age representation models (i.e., vision encoders) across various vision
tasks, they are predominantly trained on 2D image data and therefore
often fail to capture 3D spatial relationships between objects and back-
grounds in the real world, constraining their effectiveness in many down-
stream applications. To address this, we propose SpatialBoost, a scalable
framework that enhances the spatial awareness of existing pre-trained vi-
sion encoders by injecting 3D spatial knowledge expressed in linguistic
descriptions. The core idea involves converting dense 3D spatial infor-
mation from 2D images into linguistic expressions, which is then used
to inject such spatial knowledge into vision encoders through a Large
Language Model (LLM). To this end, we adopt a multi-turn Chain-of-
Thought (CoT) reasoning process that progressively incorporates dense
spatial knowledge and builds hierarchical spatial understanding. To val-
idate effectiveness, we adapt SpatialBoost to state-of-the-art vision en-
coders such as DINOv3, and evaluate its performance gains on a wide
range of benchmarks requiring both 3D perception and general vision
abilities. For instance, SpatialBoost improves DINOv3 performance from
55.9 to 59.7 mloU on ADE20K, achieving state-of-the-art performance
with 3.8%p gain over the pre-trained DINOv3. Project page.
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1 Introduction

Pre-trained image representation models [4,12,21,22,33,43] have shown remark-
able success in various downstream tasks, such as image classification [18,42],
semantic segmentation [44,87], monocular depth prediction [27,64], and vision-
language understanding [2,37]. The core idea behind these successes is extract-
ing transferrable representation from large-scale image datasets such as Ima-
geNet [20], enabling the model to understand semantic information within im-
ages that is significantly useful for various downstream tasks.

Despite their success, these models are predominantly trained on 2D images
and hence face a fundamental challenge in acquiring 3D spatial awareness ca-
pabilities. Consequently, large vision language models struggle to discern 3D
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Fig. 1: Overview of SpatialBoost. We enhance spatial and geometric understand-
ing of pre-trained vision encoders by leveraging language-guided spatial reasoning.
SpatialBoost consists of (a) spatial knowledge extraction through depth estimation,
3D reconstruction, segmentation, and region captioning, (b) converting spatial knowl-
edge into multi-turn spatial reasoning from pixel to scene levels, and (c) building a
spatial-aware vision encoder with LLM using generated data in (b).
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spatial relationships between objects in images [16,25,45,71], and demonstrate
sub-optimal performance in vision-based robotic control tasks compared to ap-
proaches that directly utilize 3D information [40,81,85]. To address these limi-
tations, naive approaches are to train vision models on multi-view images that
inherently encode spatial information [10, 72, 83]. While these approaches have
shown promise in robot control tasks [61,62], their broader applicability remains
constrained by the need to use carefully curated data [80] or obtain multi-view
datasets from simulation environments [60], creating significant limitations for
scaling up these approaches. These challenges highlight the need for a novel
framework that enables effective learning of 3D information with substantially
less data.

To address this problem, we note that vision models specialized for indi-
vidual tasks are able to infer object positions and point depths from standard
2D images. These extracted cues make it possible to extend spatial information
by modeling geometric relationships between objects in a scene. We hypothe-
size that such spatial information can be systematically converted into explicit
representations by leveraging language. Moreover, since language naturally com-
poses information in a sequential and structured form, this property allows the
construction of labels that capture dense spatial relationships within a scene.

Importantly, several recent works have shown that language can serve as a
scalable supervision signal for learning visual representations [9, 24, 39]. While
these approaches primarily focus on semantic understanding or object localiza-
tion, they highlight the potential of linguistic descriptions as scalable supervision
for training vision encoders.

Based on these insights, we introduce SpatialBoost, a training framework that
enhances the spatial understanding of pre-trained vision encoders by leveraging
language-guided reasoning (see Figure 1). We inject linguistically described spa-
tial knowledge through decoder-based fine-tuning with Large Language Models
(LLMs), enabling the framework to process large-scale textual descriptions in
a single pass while handling both single-view and multi-view images. In partic-
ular, to leverage this knowledge without forgetting the existing knowledge, we



Enhancing Visual Representation through Language-Guided Reasoning 3

incorporate additional learnable parameters (i.e., dual-channel attention mod-
ule) into the vision encoder and train only them while freezing the existing
parameters. Furthermore, to incorporate dense spatial information in a struc-
tured manner, we present a multi-turn visual spatial reasoning approach that
builds hierarchical spatial understanding through pixel-level, object-level, and
scene-level sub-questions and answers.

To validate the effectiveness of our method, we apply SpatialBoost to state-of-
the-art image encoders, including DINOv3 [65] and SigLIPv2 [69], and evaluate
them across a diverse set of vision tasks: monocular depth estimation, seman-
tic segmentation, 3D scene understanding, vision-based robotic control, image
classification, and image retrieval. Our experiment first shows that SpatialBoost
consistently improves performance on tasks requiring 3D spatial knowledge. For
example, on the 3D scene understanding task, SpatialBoost improves DINOv3
by 3.5%p (51.4% — 54.9%) on the SQA3D task from Lexicon3D Benchmark [50].
In addition, on depth estimation tasks, SpatialBoost improves SigLIPv2 from an
RMSE score of 0.51 to 0.39 on NYUd linear probing. Moreover, we show that
SpatialBoost even improves the performance of the vision encoders across all
benchmarks, notably in image classification: SpatialBoost improves ImageNet
linear probing performance of DINOv3 from 88.4% to 90.2%. In addition, DI-
NOv3 with SpatialBoost achieves state-of-the-art performance across all evalu-
ated tasks.

2 Related Work

2.1 Self-supervised Learning for Image Representation

In earlier years, most approaches relied on supervised learning with large-scale
labeled datasets to train models [20,34,66,67]. However, the dependence on an-
notated data introduced scalability challenges due to label expense. To address
this, self-supervised learning (SSL) has emerged as a dominant paradigm, lever-
aging unlabeled data to learn image representations. Contrastive learning meth-
ods, including SimCLRv2 [13], MoCov3 [14], DINOv2 [53], and iBOT [88], are
trained to distinguish between representations of augmented views of the same
image and those of different images. Concurrently, mask prediction approaches
such as BEIT [6] and MAE [32], learn representations by reconstructing masked
portions of input images. While these methods excel at capturing rich semantic
features within 2D images, they lack mechanisms to effectively encode 3D spatial
knowledge. On the other hand, we overcome this limitation by enhancing image
representations through a novel method that injects 3D spatial knowledge by
utilizing language decoding.

2.2 Multi-modal Learning for Image Representation

The increasing prominence of multi-modal tasks has catalyzed the development
of vision-language models that jointly represent visual and textual information.
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These models typically employ weakly supervised learning by leveraging text
caption. Contrastive learning schemes, e.g., CLIP [55], SigLIP [82] and Open-
CLIP [17], consist of vision and text encoders and are trained to align their
representations in a shared embedding space. Alternative methodologies like
MB3AE [28], jointly encode image patches and text tokens, employing masked
prediction objectives to reconstruct both modalities. More recently, autoregres-
sive formulations such as iGPT [12], have emerged, treating image patches and
text tokens as sequential elements for predictive modeling. These approaches
successfully enrich visual representations with semantic context derived from
natural language descriptions. However, existing models necessitate joint pre-
training of both modalities from scratch, imposing significant computational
demands and preventing efficient adaptation of existing pre-trained models. Our
method eliminates the need for joint text-image representation learning by using
LLM, thereby enhancing pre-trained models with relevant linguistic information
efficiently.

2.3 Multi-View Learning for Image Representation

Recent advances in vision tasks that require 3D spatial understanding and gener-
ation have increased the demand for effective 3D spatial representations [15, 30,
63, 74]. Multi-view images from different camera viewpoints or video sequences
serve as input for these tasks. Our focus is specifically on augmenting image rep-
resentations with useful 3D information. Typically, following approaches similar
to single-view image representation learning, multi-view data has been processed
by converting images into patches for masked prediction such as MV-MWM [61]
or through contrastive learning methods [62]. Additionally, to learn 3D-related
information more explicitly, approaches that predict 3D features from image
representation [29,40,81] have been proposed. These approaches have led to sig-
nificant performance improvements in vision-based robot control. However, such
methods are limited by multi-view data, making it difficult to develop them
into pre-trained models for general 3D understanding. Our approach proposes a
method to learn 3D spatial representations from both single-view and multi-view
images, avoiding these limitations.

3 Method

In this section, we introduce SpatialBoost, a visual representation learning frame-
work designed to improve vision encoders by injecting 3D spatial information
expressed in natural language. We first present a multi-modal architecture that
incorporates linguistically expressed visual information into the vision encoder
through a dual-channel attention layer, ensuring that original visual features are
preserved while 3D spatial information is fully exploited (see Section 3.1). On
top of this architecture, we design a Visual-Question-Answering (VQA) dataset
that hierarchically disentangles 3D spatial relations from both single/multi-view
images, enabling the vision encoder to learn spatial information more effectively
(see Figure 1 and Section 3.2).
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Fig. 2: Illustration of multi-turn visual spatial reasoning dataset, exhibiting
pixel-level, object-level, and scene-level reasoning QAs. At the pixel-level, the QA task
queries the 3D positions of points (e.g., via depth estimation). At the object-level, it
extracts spatial properties of objects (e.g., by predicting bounding cubes or relative
positions). At the scene-level, it determines the exact distances between multiple ob-
jects that require the rationales of the previous steps. At last, we add 2-turn for general
scene caption. These are listed in order and constitute 12 multi-turn visual spatial rea-
soning conversation.

3.1 Training Pipeline

To train a vision encoder from rich spatial information encoded in large-scale
linguistic expressions, our key idea is to utilize Large-Language Models (LLM)
by constructing a multi-modal architecture composed of a vision encoder fy, a
trainable projection module gp, and the LLM f;,. However, without proper align-
ment between visual and textual representations, the training signals from the
LLM cannot effectively propagate back to the vision encoder, making the learn-
ing process ineffective. To fully exploit language supervision, we begin by aligning
the visual encoder with the textual embedding space of the LLM. Specifically,
we adopt LLaVA [47], a two-stage training for the alignment: feature alignment
(Stage 1) and visual instruction tuning (Stage 2). After the alignment, we in-
troduce a training framework that uses a language-guided reasoning dataset to
fine-tune the vision encoder (Stage 3). Notably, direct full fine-tuning in this
final stage would lead to catastrophic forgetting of the pre-trained knowledge
embedded in the vision encoder. To address this challenge, we introduce dual-
channel attention layers that enable the model to acquire spatial understanding
while preserving its original representational capabilities.
Formally, given an input image x and multi-turn conversation data (x,x;,
. ,xg, x1") from question-answering (QA) pairs (Qx, Ax), we first encode x to
obtain visual features z, = fy/(x), which are mapped into the token embedding
space via gp(zy). These visual tokens are then concatenated with text tokens
and fed into the LLM. Given the multi-turn conversation data and input image,
we optimize the model through cross-entropy loss. Our training pipeline consists
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of three stages and all stages are trained with cross-entropy loss. We describe
each stage in the following paragraphs.

Stage 1: Feature alignment. In this stage, we train a projector gp that maps
image features into the textual embedding space of the LLM. This projector
pre-training contributes to the stable vision-language alignment. Following the
training setup in multi-modal large language models [46,47|, we freeze the pa-
rameters of both the visual encoder fy and the language model f7,, and optimize
only the projector gp.

Stage 2: Visual instruction tuning. Following the projector alignment in
Stage 1, this stage extends the alignment to the LLM. We freeze the visual en-
coder fy and fine-tune the projector gp and the language model f; using our
multi-view VQA data, combined with the single-view visual instruction data
from LLaVA [47]. This step enables fr, and gp to handle multi-view visual ques-
tions. We provide details of proposed multi-view VQA data in Section 3.2.

Stage 3: Vision encoder fine-tuning with
dual-channel attention. Finally, we fine- Tout
tune the vision encoder fy to have the ca- —

pability of spatial understanding. To effec- (_taver Norm ] l—a
tively inject dense spatial knowledge into the @ A Ea— A]

vision encoder, we use multi-turn visual spa- Attention J ["‘“““““""

Channel Channel

tial reasoning dataset (see Section 3.2), which I 7

‘o

is carefully designed for hierarchical spatial
reasoning. We train the vision encoder fy
and the projection module gp while keep-
ing the parameters of the LLM f; frozen,
?llow1lng only :cihfa vision .enc.oder to'beneﬁt channel attention layer [3],
rom language-driven spatial information. We where an  additional attention
employ cross-entropy loss, and through this ;00 s introduced alongside
training process, the vision encoder learns to  the original attention block and
extract meaningful representations necessary merged via a learnable mixture
for producing answers. However, direct full factor a.

fine-tuning risks forgetting of the pre-trained

knowledge embedded in the vision encoder. To address this challenge, we intro-
duce a dual-channel attention mechanism (see Figure 3). Specifically, for each
attention layer Attn(-) in the visual encoder fy, we introduce an additional
attention layer Attn™(.), whose weight parameters are initialized to the same
values as those of Attn(-). Given an input x to each attention layer, we merge
the outputs of Attn(-) and Attn™(-) by introducing a trainable mixture factor
a = sigmoid(a) € (0,1)? with zero-initialized parameter a € R?, where d is the
hidden dimension of x, as follows:

Layer Norm

Fig. 3: Illustration of the dual-

Attnfi"¥l(x) = - Attn(x) + (1 — @) - Attn™t (x). (1)

During fine-tuning, we only update the parameters of Attn™ and a while keep-
ing all other parameters frozen. This approach allows the vision encoder to ini-
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Table 1: Results on monocular Table 2: Results on semantic seg-
depth estimation from NYUd [64] and ~ mentation from ADE20K [36] and Pas-
KITTI [26] benchmarks. We report the —cal VOC [23] benchmarks. We report
RMSE score between ground truth and ~ mloU score. Higher is better. For all re-
predicted depth values. Lower is better.  sults, we freeze the encoder backbone and
For all results, we freeze the encoder report results of linear probing (lin.) or
backbone and train a linear head (lin.) multi-scale evaluation (+ms), where the
or DPT head [57] on top of the image multi-scale approach uses features from

features of the last layer. the last four layers of the visual encoder
to perform segmentation.

NYUd KITTI ADE20K Pascal VOC
Method lin. DPT lin. DPT Method lin. +ms lin. +ms
Vision-only trained encoder Vision-only trained encoder
V-JEPAV2 [3] 0.44 0.42 3.07 2.59 V-JEPAv2 [3] 51.3 53.8 83.2 86.6
Vision-Language trained encoder Vision-Language trained encoder
AIMv2 [24] 0.33 0.28 2.56 2.10 AIMv2 [24] 319 379 66.6 72.1
dino.txt [39] 0.42 0.39 2.98 2.65 dino.txt [39] 50.6 52.8 83.4 86.3
TIPS [51] 0.35 0.31 2.58 2.11 TIPS [51] 49.9 54.1 83.6 86.7
PE-Core [9] 0.25 0.23 2.31 2.00 PE-Core [9] 41.5 48.0 732 80.5
OpenCLIP 0.53 0.41 3.54 2.70 OpenCLIP 39.5 46.0 71.7 79.3
+SpatialBoost (ours) 0.40 0.38 2.79 2.54 +SpatialBoost (ours) 40.5 47.3 75.1 80.9
SigLIPv2 0.51 0.40 3.32 2.64 SigLIPv2 42.8 48.7 72.6 79.1
+SpatialBoost (ours) 0.39 0.34 2.71 2.50 +SpatialBoost (ours) 45.1 50.8 79.0 82.2
DINOv2 0.37 0.29 2.60 2.11 DINOv2 49.3 53.0 83.0 86.2
+SpatialBoost (ours) 0.30 0.25 2.53 2.07 +SpatialBoost (ours) 52.0 54.9 84.5 87.6
DINOv3 0.31 0.25 2.33 2.02 DINOv3 55.9 60.3 86.6 89.8
+SpatialBoost (ours) 0.25 0.21 2.20 1.84 +SpatialBoost (ours) 59.7 63.1 88.5 90.9

tially rely on pre-trained attention weights and gradually incorporate new atten-
tion weights, smoothly enhancing spatial awareness without discarding existing
knowledge (see classification result in Figure 6).

3.2 Enhancing Vision Encoder with Spatial CoT

To effectively inject dense spatial information into vision encoders, we address
the fundamental limitations of existing spatial datasets. Current spatial VQA
data consist of simple single-turn QA pairs with limited information content,
insufficient for transferring comprehensive 3D understanding. To overcome this
limitation, We introduce Multi-view VQA, which helps align the vision encoder
with the LLM to effectively handle multi-view data and a multi-turn Chain-
of-Thought (CoT) framework [73] for both single-view and multi-view images
that enables the injection of substantially richer spatial information in a single
training instance.

Multi-view VQA Dataset. To enhance multi-view VQA capabilities during
the visual instruction tuning (Stage 2), we construct multi-view VQA dataset.
We first apply LPIPS [84] metric to the 3D or video dataset to obtain a pair
of images. Given the pair of images, we employ GPT-4o [1] to generate visual
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Table 3: Results on 3D-centric tasks. We evaluate unified probing on diverse 3D-
related tasks from ScanNet [19] scenes. We report BLEU-1 score for Vision-Language
Reasoning (VLR) on ScanQA [5] and SQA3D [48]. For Visual Grounding (VG), we
report accuracy (%) on overall category of ScanRefer [11] dataset. For Geometric Un-
derstanding (GU), we report Registration Recall (RR) at 0.05m RMSE threshold and
Relative Translation Error (RTE). For 3D Semantic Understanding (3D SU), we report
accuracy and mloU. Lower is better for RTE and higher is better for all other metrics.

VLR VG GU 3D SU
Method ScanQA t  SQA3D 1 ScanRefer (%) * RR@0.05m (%) 1t RTE (m)] Acct mloU?t
Vision-only trained encoder
V-JEPAv2 [3] 37.7 49.0 55.5 95.4 0.08 69.5 33.2
Vision-Language trained encoder
ATIMv2 [24] 374 48.1 50.9 47.8 0.31 53.9 11.8
dino.txt [39] 39.8 50.4 52.5 81.7 0.16 85.7 59.4
TIPS [51] 374 49.2 52.0 84.0 0.16 71.3 39.7
PE-Core [9] 40.5 51.7 51.7 44.6 0.29 85.0 47.5
OpenCLIP 36.9 48.0 50.1 22.6 0.40 39.8 6.9
+SpatialBoost (ours) 39.2 49.9 56.6 78.8 0.17 76.9 54.9
SigLIPv2 38.1 48.5 51.4 47.8 0.28 47.7 9.2
+SpatialBoost (ours) 40.8 50.1 56.8 86.4 0.15 81.0 55.5
DINOv2 39.5 49.8 52.7 82.4 0.15 83.0 64.1
+SpatialBoost (ours) 40.3 50.4 57.0 92.4 0.13 89.8 68.3
DINOv3 40.6 51.4 56.2 86.9 0.10 91.1 69.1
+SpatialBoost (ours) 43.3 54.9 61.1 97.5 0.06 91.9 70.6

questions targeting general multi-view knowledge, which do not require spatial
knowledge. We provide more details in Section B.

Multi-turn Visual Spatial Reasoning Dataset. To enhance spatial reason-
ing capabilities of the vision encoder (Stage 3), we construct multi-turn visual
spatial reasoning dataset for single-view and multi-view. Additionally, to en-
hance general knowledge of the vision encoder, we append GPT-generated scene
captions after spatial reasoning turn. For single-view image, we first extract a 3D
point cloud from given an image x by applying diverse vision models (e.g., depth
estimation model [8] and image segmentation model [58]). For multi-view images
{x1,++ ,Xx}, we use 3D reconstruction model [70] to extract a 3D point cloud
from given images. Using the point cloud, we synthesize QA pairs specialized in
spatial reasoning about x or {xy, -+ ,Xy}.

We then design spatial reasoning QA pairs at three hierarchical levels: pixel,
object, and scene, enabling LLM to perform CoT reasoning from narrow to
broad view. Specifically, at the pixel-level, the QA task is designed to capture
the overall geometry in the image by querying the absolute or relative 3D position
of a point, e.g., “What is the depth value at coordinate (x,y)?". At the object-
level, the QA task tackles the semantic spatial information of objects inside the
image using a bounding cube of the object in 3D space, e.g., “Is [A] on the left
side of [B]?", where [A] and [B] is the descriptions about the object in image.
We note that this level uses the pixel-level spatial information as a rationale,
enabling LLM to reason about the geometry of objects in 3D space. Lastly, at
the scene-level, the QA task is designed to predict the exact distance between
multiple objects that requires coherent 3D spatial understanding, e.g., “How far
is [A] from [B]?".
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Table 4: Results on vision-based robot learning.
We report the performance of imitation learning agents /L

on 4 domains from CortexBench [49], which are trained

£ A
upon the image representations. In particular, we report
the normalized score for DM Control and success rates (%)
for other tasks. n
Method Adroit  MetaWorld DMControl Trifinger Avg.

OpenCLIP 526 + 4.9 83.0 + 2.7 585+ 19 67.7+05 655 Fig.4: Examples of vi-
+SpatialBoost (ours) 61.1 + 3.4 87.0 + 3.3 61.0 + 1.6 72.9 + 0.3 70.5

SigLIPv2 56.5 £ 3.0 84.7 £ 2.9 69.4 £ 2.1 683 £0.8 69.7
+SpatialBoost (ours) 66.5 + 1.9 89.1 + 0.9 73.5 + 1.8 73.9 + 0.7 75.8

DINOv2 55.4 + 2.7 824+ 4.0 67.9+ 1.0 66.8 = 0.2 68.1 i
+SpatialBoost (ours) 68.1 + 2.9 88.5 + 3.1 75.0 = 1.1 71.4 + 0.8 75.8 learn a mapping from these

DINOv3 639+ 1.5 838+ 1.6 70.8 + 1.8 728 + 0.5 72.8 Visual observations to ex-
+SpatialBoost (ours) 71.8 + 3.4 92.0 £+ 1.9 80.4 £ 2.4 79.0 + 0.6 80.8 pert actions.

sual observations from
CortexBench. We train
imitation learning agents to

4 Experiments

Through extensive experiments, we validate the performance of SpatialBoost
and ablate its key components, focusing on following questions:

e Can SpatialBoost improve spatial knowledge of the vision encoder?
(Tables 1 to 4)

e Isn’t SpatialBoost overfitted to spatial knowledge? (Table 5)

e Which components contribute to SpatialBoost performance?
(Tables 6 to 7 and Figure 6)

4.1 Experimental Setup

VQA Dataset Construction. For single-view image, we use randomly sampled
100K images from the SA1B dataset [41] to construct the single-view VQA
dataset specialized in chain-of-thought spatial reasoning. For multi-view images,
we use filtered 200K samples from the ego-centric video dataset [31] and 3D
dataset [7,19,38,52] to construct multi-view VQA dataset niche in multi-view
reasoning or alignment. More details are provided in Section C.

Baselines. For all experiments, we compare our methods with the recent widely-
used pre-trained image representation models. To be specific, we first consider
OpenCLIP [17] ViT-G/14 and SigLIPv2 [69] ViT-g/16, known for language-
aligned vision encoder. We also consider DINOv2 [53] ViT-g/14 and DINOv3 [65]
ViT-7B/16, which is a recent state-of-the-art vision encoder. We further in-
clude comparable methods, including the vision-only trained encoder like V-
JEPAv2 [3], as well as the vision-language trained encoders such as AIMv2 [24],
dino.txt [39], TIPS [51], and Perception Encoder [9].

Implementation Details. We choose Qwen-2.0-7B [76] as the LLM backbone
and 2-layer MLP as the projector, following the architecture of LLaVA-1.5 [46].
Further details are provided in Section A.
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Table 5: Results on image classification and retrieval tasks. We report Top-1
accuracy of kNN performance and linear probing (lin.) for image classification on vali-
dation set of ImageNet-1K [59]. For image retrieval, we report global average precision
(GAP) on Met [78] and mean average precision (mAP) on Oxford-Hard (Oxford-H) [54],
Paris-Hard (Paris-H) [54], and AmsterTime dataset [77]. For all results, we freeze the
encoder backbone.

Image classification Image retrieval
Method ImageNet (kNN) ImageNet (lin.) Oxford-H Paris-H Met (GAP) AmsterTime
Vision-only trained encoder
V-JEPAv2 [3] 82.1 84.0 40.6 76.1 38.2 31.9
Vision-Language trained encoder
AIMv2 [24] 85.7 88.3 60.8 86.4 52.0 50.3
dino.txt [39] 80.0 81.4 49.7 78.5 41.8 33.1
TIPS [51] 83.3 86.2 29.0 60.0 20.1 18.5
PE-Core [9] 86.8 89.5 27.9 64.1 15.9 20.0
OpenCLIP 84.0 86.8 23.4 59.7 7.4 24.4
+SpatialBoost (ours) 86.1 87.9 32.8 69.4 19.7 30.3
SigLIPv2 86.3 89.1 25.1 60.9 13.9 15.5
+SpatialBoost (ours) 87.6 90.0 36.0 69.1 24.0 27.2
DINOv2 84.5 87.3 58.2 84.6 44.6 48.9
+SpatialBoost (ours) 86.4 88.6 61.3 85.2 45.1 50.8
DINOv3 85.8 88.4 60.7 87.1 55.4 56.5
+SpatialBoost (ours) 87.7 90.2 64.1 88.6 57.0 56.9

4.2 Dense Prediction Tasks

Setup. We evaluate SpatialBoost on dense prediction tasks requiring geomet-
ric and semantic spatial understanding. For geometric understanding, we per-
form monocular depth estimation on NYUd [64] and KITTT [26] using linear or
DPT [57] heads. For semantic understanding, we evaluate on ADE20K [86] and
Pascal VOC [23] segmentation benchmarks using linear or multi-scale heads.
All experiments freeze the visual backbone during training (see Section A for
details).

Results. As shown in Table 1 and 2, SpatialBoost consistently improves both
geometric and semantic spatial understanding across various encoders. For in-
stance, OpenCLIP’s RMSE on NYUd decreases from 0.53 to 0.40 with a linear
head, while DINOv3’s mIoU on ADE20K increases from 55.9% to 59.7%. These
consistent gains demonstrate that language-based spatial knowledge transfer ef-
fectively enhances visual encoders’ spatial understanding capabilities.

4.3 Complex 3D-centric Tasks

Setup. We evaluate SpatialBoost on Lexicon3D [50], a unified benchmark for
3D scene understanding covering vision-language reasoning, visual grounding, se-
mantic understanding, and geometric understanding. Following Lexicon3D pro-
tocols, we freeze visual backbones and train task-specific heads (see Section A
for details).
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Table 6: Effect of LLM-based fine-tuning. We fine-tune the vision encoder with
different headers. We report accuracy (%) for classification (Cls) on ImageNet-1K,
mloU for segmentation (Seg) on ADE20K, RMSE for depth estimation on NYUd, and
BLEU-1 score for vision-language reasoning (VLR) on ScanQA. We use ViT-L/14 as
the backbone architecture of the encoder.

Method Cls 1 Seg 1 Depth | VLR 1t
DINOv2 86.3 47.7 0.38 39.2

+Linear (depth) 85.7 (-0.70%) 47.9 (+0.42%) 0.35 (-7.89%) 36.9 (-5.87%)
+Linear (seg.)  86.6 (+0.35%) 48.8 (+2.31%) 0.45 (+18.42%) 37.1 (-5.36%)
+SAM decoder  86.3 (+0.0%) 50.1 (+5.03%) 0.42 (+10.53%) 37.6 (-4.08%)
+VGGT decoder 84.8 (-1.74%) 45.6 (-4.40%) 0.35 (-7.89%) 37.3 (-4.85%)
FLLM (ours)  88.3 (+2.32%) 51.5 (+7.97%) 0.32 (-15.79%) 40.0 (+2.04%)

0.108 46 0.095 .32 63
—8— AbsRel —8— AbsRel —8— SigLIPv2
—e— RMSE —e— RMSE —e— DINOV3
2 E] 2 ] - 3
9 2 9 2 =} =
€ 0.102 0.42in & 0.090 0.281n D 46 590
“ m ] m = c
: " F C '/'//‘ -
0.096 38 0.085 .24 42 55
50K 100K 300K 50K 100K 300K 50K 100K 300K
Dataset Size Dataset Size Dataset Size
(a) SigLIPv2 depth estimation (b) DINOv3 depth estimation (c) Semantic segmentation

Fig. 5: Effect of dataset scalability. We investigate the effect of the size of analysis
of data scalability effects on (a) depth estimation results (AbsRel, RMSE) on NYUd
benchmark for SigLIPv2, (b) depth estimation results (AbsRel, RMSE) on NYUd
benchmark for DINOv3, and (c) semantic segmentation results (mIoU) on ADE20K
benchmark for Sigl.LIPv2 and DINOv3. The results show scalable performance improve-
ments with increased data size.

Results. As shown in Table 3, SpatialBoost shows comprehensive improvements
across diverse 3D tasks. OpenCLIP’s BLEU-1 improves from 36.9 to 39.2 on
ScanQA [5], while DINOv3 increases from 51.4 to 54.9 on SQA3D [48], demon-
strating that SpatialBoost improves spatial understanding without compromis-
ing language capabilities. Notably, OpenCLIP’s 3D semantic segmentation dra-
matically improves from 6.9 to 54.9 mloU, highlighting SpatialBoost can inject
robust spatial knowledge into encoders with initially limited spatial awareness.

4.4 Vision-based Robot Learning

Setup. We evaluate SpatialBoost on vision-based robot control using 4 domains
from CortexBench [49] spanning locomotion and manipulation tasks [56, 68, 75,
79]. Following CortexBench protocols, we train behavior cloning agents using
[CLS] representations to predict expert actions from visual observations. We
report the mean of best performance across 5 evaluation runs (see Section A for
details).

Results. As shown in Table 4, SpatialBoost significantly improves robot task
performance across all vision encoders. For example, DINOv2 + SpatialBoost
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Table 7: Component-wise analysis. We investigate the effect of multi-turn spatial
reasoning data and the effect of single-view and multi-view data. Multi-turn order
means the order of three levels (i.e., pixel, object, and scene) in our visual spatial
reasoning data. We report accuracy (%) for classification (Cls) on ImageNet-1K, mIoU
for segmentation (Seg) on ADE20K, RMSE for depth estimation on NYUd.

Method Multi-turn order Single-view data Multi-view data Cls 1 Seg 1 Depth |

DINOv2 X - - 86.3 47.7 0.38

+SpatialBoost Reverse +100K - 87.4 484 0.35
Random +100K - 87.4 485 0.36
Forward +100K - 87.6 48.9 0.34
Forward - +100K 87.6 482 0.36
Forward +50K +50K 87.6 49.2 0.32

achieves 68.1% on Adroit versus 55.4% for DINOv2 alone, demonstrating that
enhanced spatial representations directly benefit robot control.

4.5 Image Classification and Retrieval Tasks

Setup. We evaluate SpatialBoost’s impact on instance recognition using ImageNet-
1K [59] classification and retrieval benchmarks (Oxford, Paris [54], Met [78],
AmsterTime [77]). Following DINOv3 protocols, we use linear probing on [CLS]
representations for classification and similarity-based ranking for retrieval (see
Section A for details).

Results. As shown in Table 5, SpatialBoost improves both classification and
retrieval despite these tasks not explicitly requiring spatial understanding. DI-
NOv3’s ImageNet accuracy increases from 88.4% to 90.2%, while Oxford-Hard
mAP improves from 60.7 to 64.1. These results demonstrate that SpatialBoost
enhances general vision capabilities without overfitting to spatial features, likely
due to our dual-channel attention preserving pre-trained knowledge and the in-
clusion of general scene captions alongside spatial reasoning.

4.6 Ablation Study and Analysis

Effect of LLM-based Fine-tuning. In Table 6, we investigate whether LLM-
based decoders provide superior supervision compared to pixel-level alternatives.
We fine-tune the vision encoder with linear layer, SAM [41] decoder, VGGT [70]
decoder, and LLM [76]. We then evaluate encoders on ImageNet-1K classifica-
tion, ADE20K segmentation, and NYUd depth estimation. The results show
that LLM consistently outperform pixel-level supervision methods, validating
that language provides superior dense information transfer for vision encoders
(see Section D for details).

Effect of Multi-turn Visual Reasoning. In Table 7, we investigate how
the hierarchical structure of reasoning affects representation learning. We com-
pare dataset construction strategies: (a) shuffled multi-turn, (b) reversed order
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Table 8: Comparison with post-training. We fine-tune vision encoders with their
original pre-training objectives (simple FT). We report RMSE for monocular depth
estimation on NYUd, mloU for semantic segmentation on ADE20K, BLEU-1 score
for vision-language (VL) reasoning on ScanQA, average score for robot learning on
CortexBench, and Top-1 accuracy (%) for classification on ImageNet-1K. Lower is
better for depth estimation.

Method Depth Estimation | Segmentation T VL Reasoning T Robot Learning 1 Classification 1
OpenCLIP 0.53 39.5 36.9 65.5 84.0
+Simple FT 0.56 39.6 37.7 63.7 84.3
+SpatialBoost (ours) 0.40 40.5 39.2 72.9 86.1
SigLIPv2 0.51 42.8 38.1 69.7 86.3
+Simple FT 0.53 43.0 38.4 67.9 86.4
-+SpatialBoost (ours) 0.39 45.1 40.8 75.8 87.6
DINOv2 0.37 49.3 39.5 68.1 84.5
Simple FT 0.36 49.6 39.4 69.4 84.7
++SpatialBoost (ours) 0.30 52.0 40.3 75.8 86.4
DINOv3 0.31 55.9 40.6 72.8 85.8
+Simple FT 0.31 56.4 40.2 75.5 86.1
+SpatialBoost (ours) 0.25 59.7 43.3 80.8 87.7

(scene—object—pixel), and (c) forward order (pixel—object—scene). The for-
ward hierarchical ordering shows optimal performance, demonstrating that rea-
soning order significantly impacts the quality of representation.

Effect of Single-view and Multi-view Data. In Table 7, we investigate the
effect of single-view and multi-view reasoning data. With fixed total samples, we
compare single-view only, multi-view only, and combined training. While both
data types independently improve performance, the combination achieves the
highest results, confirming their complementary nature.

Comparison with Naive Post-training.
In Table 8, we investigate the effect of post-
training. With fixed total samples (i.e., 300K
data in multi-turn reasoning data), we com-
pare the naive post-training scheme and Spa-
tialBoost. We evaluate the performance of
the vision encoder across five tasks: depth es- ” Semanaon
timation, segmentation, vision-language rea- Fig. 6: Effect ;)f dual-channel
soning, robot learning, and classification. The  attention layer. We report the
results show that naive post-training does not linear evaluation performance of
yield effective representations for downstream DINOv2-ViT-L/14 across different
tasks. fine-tuning strategies.

Accuracy (%)

Effect of Dual-channel Attention Layer.

In Figure 6, we investigate whether our dual-channel attention mechanism pre-
serves pre-trained knowledge during fine-tuning. We evaluate several approaches
for fine-tuning the vision encoder including full fine-tuning, LoRA [36], and
dual-channel [35] on ImageNet [59] and ADE20K [86]. Dual-channel attention
uniquely preserves and even enhances pre-trained knowledge, while other ap-
proaches cause degradation.
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Table 9: Application to spatial-aware vision encoder. We apply SpatialBoost
on spatial-enhanced vision encoder [9,51]. We report RMSE for monocular depth es-
timation on NYUd, mlIoU for semantic segmentation on ADE20K, BLEU-1 score for
vision-language (VL) reasoning on ScanQA, average score for robot learning on Cor-
texBench, and Top-1 accuracy (%) for classification on ImageNet-1K. Lower is better
for depth estimation. Parameters of [9] and [51] are 1.9B and 1.1B, respectively.

Method Depth Estimation | Segmentation T VL Reasoning T Robot Learning 1 Classification 1
TIPS [51] 0.35 49.9 37.4 66.0 83.3
+SpatialBoost (ours) 0.25 53.5 41.1 76.5 85.8
PE-Core [9] 0.25 41.5 40.5 69.0 86.8
+SpatialBoost (ours) 0.20 50.9 44.1 81.5 88.0
PE-Spatial [9] 0.26 49.3 40.2 68.7 85.7
f-SpatialBoost (ours) 0.19 56.3 43.6 81.2 87.5

Dataset Scalability. We analyze the impact of dataset sizes on depth estima-
tion results from NYUd [64] benchmark and semantic segmentation results from
ADE20K [86] benchmark. As shown in Figure 5, with matched training iterations
(i.e., one epoch for 300K data), larger datasets yield consistent improvements,
indicating robust scalability potential.

Application to spatial-aware vision encoder. We investigate whether Spa-
tialBoost further improves vision encoders that already possess strong spatial
awareness. We evaluate the encoders on depth estimation, segmentation, vision-
language reasoning, robot learning, and classification tasks. As shown in Table 9,
SpatialBoost consistently improves performance across all benchmarks, demon-
strating that our training approach is complementary to existing methods that
enhance the spatial awareness of vision encoders.

5 Conclusion

In this paper, we have presented SpatialBoost, a framework to enhance the vision
encoders by leveraging linguistic expressions of geometric and semantic informa-
tion within images. SpatialBoost uses LLM and dual-channel attention layers
to exploit linguistic information into image representations, generates a multi-
turn visual spatial reasoning dataset, and leverages them to improve the image
representations. Our experiments show that SpatialBoost consistently enhances
the vision encoders on various downstream tasks that require a spatial under-
standing of images. We hope that our work further facilitates future research on
designing and enhancing vision encoders.
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