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Figure 1. Overview. Given an input image and a spatial reasoning question, GeoWorld-VLM enhances the spatial understanding of
standard vision-language models by injecting world-model priors at the feature-map level. Compared with the original VLM features,
GeoWorld-VLM produces more geometry-aware representations, leading to clearer spatial grounding and improved answer accuracy. As
shown on the right, our method consistently outperforms strong baselines, including the original Gemma-4, fine-tuned Gemma, and fine-
tuned Gemma with DINO features, across diverse spatial reasoning benchmarks such as What’sUp and VSR.

Abstract

Modern Vision-Language Models (VLMs) achieve strong se-
mantic recognition, yet remain brittle on elementary spatial
relations such as left of, on, behind, and between. One cause
of this failure arises before language reasoning begins: the
visual pathway may compress or discard critical 3D struc-
tural cues during feature extraction, so the language model
receives image representations that are already insufficient
for reliable spatial judgment. We introduce GeoWorld-VLM,
a VLM-side distillation framework that transfers geometric
structure from frozen camera-conditioned video world mod-
els into VLMs. GeoWorld-VLM fine-tunes only the image
encoder and multimodal projector, aligning post-projector
image features with intermediate world-model representa-
tions while leaving the main backbone frozen. Given im-
ages, a prompt, and a sampled camera trajectory, the world-
model teacher converts static visual input into a synthetic
multi-view spatial signal. Training combines spatial an-

swer supervision, teacher-student feature alignment, and a
preservation anchor to the original VLM. Since the language
model remains frozen, GeoWorld-VLM preserves the origi-
nal model’s linguistic capabilities while attributing spatial
improvements to the enhanced visual pathway. To evalu-
ate the effectiveness and generality of the proposed method,
we apply GeoWorld-VLM to two distinct VLM architectures
and observe consistent improvements across both backbones.
GeoWorld-VLM improves performance by approximately 4%
on both the What’sUp and VSR benchmarks, suggesting
that world-model-guided visual alignment generalizes across
model structures and spatial reasoning datasets. Submitted
to Neurips 2026.

1. Introduction

Vision-Language Models (VLMs) have become fluent se-
mantic recognizers, but they remain unreliable spatial reason-
ers [29, 48]. Even strong contemporary VLMs struggle with



elementary relations such as left of, on top of, behind, and
between. These failures are surprising because the required
reasoning is not linguistic: the model often knows the object
names and understands the question, yet still fails to recover
the geometric relation. This suggests that the bottleneck lies
not in language reasoning alone, but in the visual representa-
tion delivered to the language model.

A modern VLM can be viewed as a composition of three
modules [18, 30, 50]:

VLM(xv, xt) = LLM([Pθ(Vϕ(xv)), E(xt)]) , (1)

where Vϕ is the vision encoder, Pθ is the multimodal projec-
tor, E is the text encoder and the LLM performs language-
conditioned reasoning. This decomposition exposes three
possible places to repair spatial reasoning: the LLM, the text
encoder, or the vision encoder & projector. In this paper, we
argue that improving the spatial understanding capability of
the vision encoder and multimodal projector can effectively
enhance VLM performance on spatial intelligence questions.

The key challenge is how to teach the visual pathway
geometric structure without relying on real multi-view su-
pervision. Recent world models have demonstrated strong
spatial understanding and prediction capabilities across di-
verse scenarios with sparse observation [41, 42, 52]. As
shown in Figure 1, motivated by this observation, we in-
troduce GeoWorld-VLM, a VLM-side distillation frame-
work that transfers spatial structure from frozen camera-
conditioned world models into VLMs. Given images, a
text prompt, and a sampled egocentric camera trajectory, the
world-model teacher produces an intermediate representa-
tion that captures how the scene would evolve under view-
point motion, offering motion-aware geometric cues that are
difficult to recover from the static view alone. These cues
provide an implicit signal about object layout, relative po-
sition, and view-dependent structure, which are often com-
pressed or weakened in standard VLM visual representations.
GeoWorld-VLM distills this signal into the VLM by aligning
its post-projector image features with the teacher represen-
tation in a shared feature space, thereby encouraging the vi-
sual pathway to preserve motion-aware spatial structure and
scene geometry before these visual tokens are passed to the
language model for reasoning. Crucially, GeoWorld-VLM
leaves the language model frozen. Within the VLM, we up-
date only the image encoder and multimodal projector, to-
gether with lightweight training-time alignment heads. Train-
ing combines spatial answer supervision, teacher-student fea-
ture alignment, and a preservation anchor to a frozen copy
of the original VLM. This design isolates spatial improve-
ment to the visual interface: text-only behavior is preserved
by construction, while the visual tokens entering the LLM
become more geometry-aware.

To evaluate the effectiveness and generality of the pro-
posed method, we instantiate our plug-in framework with

two representative VLM backbones, Gemma [38] and In-
ternVL3.5 [46], and evaluate them on the What’sUp and
VSR benchmarks. Across both architectures and datasets,
our method achieves consistent improvements under world-
model supervision. Ablation studies further show that su-
pervision from camera-conditioned world models is more
effective than using conventional vision foundation models
such as DINO [7] or geometry foundation models such as
VGGT [43].

• World-model distillation for VLM spatial reasoning.
We introduce GeoWorld-VLM, a framework that uses
frozen camera-conditioned video world models as geom-
etry teachers for VLMs. By sampling camera trajectories
from input images, the teacher provides synthetic multi-
view supervision without requiring real multi-view data.

• A vision-side repair that preserves the language model.
GeoWorld-VLM fine-tunes only the vision encoder and
multimodal projector while keeping the LLM and language
encoder frozen. This isolates the spatial intervention to the
visual interface and preserves text-only behavior by con-
struction.

• Broad validation across spatial and embodied bench-
marks. We evaluate GeoWorld-VLM across multiple spa-
tial reasoning benchmarks and VLM backbones, demon-
strating consistent improvements over the base models and
stronger spatial understanding.

2. Related Work

2.1. Spatial and 3D Reasoning in Vision-Language
Models

Modern vision-language models such as GPT-4o [19], GPT-
5 [31], Gemini [15], Claude [2], Qwen-VL [3], Qwen2.5-
VL [4], Qwen3-VL [33], LLaVA [28], BLIP-2 [24], Instruct-
BLIP [12], PaLI [9], and PaliGemma [5] have shown strong
semantic visual understanding, but they remain limited in
spatial and 3D reasoning. Benchmarks such as SAT [35],
What’s Up [20], BLINK [14], EmbSpatial-Bench [13], and
PhysBench [11] reveal persistent failures on relative posi-
tion, relative depth, perspective taking, ego-motion, object
movement, and physical consequence prediction. These fail-
ures suggest that VLMs can often recognize objects and parse
questions, yet still lack the geometric structure needed to rea-
son about spatial relations. Several works attempt to bridge
this gap by injecting 3D representations into language or
vision-language models. 3D-LLM [17] introduces 3D scene
features into language models for embodied reasoning. Cube-
LLM [10] and Language-Image Models with 3D Understand-
ing explore 3D-aware representations for multimodal reason-
ing. MiniGPT-3D [37] aligns point clouds with language
models using 2D priors, while ShapeLLM focuses on 3D ob-
ject understanding through point-cloud encoders and 3D in-
struction tuning. 3UR-LLM [49] further extends multimodal



language models toward 3D scene understanding. These ap-
proaches show that explicit 3D information can improve spa-
tial reasoning, but typically require 3D supervision, point-
cloud inputs, specialized architectures, or additional training.
Training-free or test-time approaches provide a more flexible
alternative. APC [23] uses abstract perspective changes to
support perspective-aware reasoning. VAGEN [44] applies
multi-turn reasoning and world-model interaction for spa-
tial intelligence. SandboxVLM [29] constructs abstract 3D
bounding boxes through proxy elevation, multi-view voting,
and box rendering, showing that coarse structural represen-
tations [43, 56] can help VLMs reason spatially without re-
training. Our work follows the same broad goal of improving
VLM spatial intelligence, but differs in where the improve-
ment is applied. Rather than providing external 3D context at
test time, GeoWorld-VLM distills geometry into the VLM’s
own vision side, improving the visual tokens consumed by
the frozen language model.

2.2. World Models and Geometric Supervision for
VLMs

World models and video generative models provide a natural
source of geometric supervision because they could predict
how scenes evolve under time, camera motion, and object
interaction [41, 42, 52]. Classical world-model approaches
such as Dreamer [47], DreamerV2 [54] and DreamerV3 [16]
learn predictive latent dynamics for control and planning.
More recent generative world models and video models, in-
cluding Genie [6], VideoPoet [21], Sora-style video mod-
els [25], CogVideoX [52], Wan [42], HunyuanVideo [22],
Cosmos [1], and Stable Virtual Camera [55], scale this idea
to rich visual scenes and viewpoint-conditioned generation.
These models implicitly encode cues such as parallax, occlu-
sion, support, relative depth, and object persistence. Recent
VLM reasoning methods have begun to exploit such mod-
els. MindJourney [51] uses imagined visual trajectories at
test time to help VLMs reason about spatial questions. These
works suggest that world models contain useful spatial pri-
ors, but most use them externally: they generate images,
videos, or reconstructed 3D contexts that are then fed back
to a VLM during inference. GeoWorld-VLM instead uses the
world model as a feature teacher. The teacher receives the ini-
tial image, a text condition, and a sampled camera trajectory,
producing an intermediate representation shaped by camera-
conditioned prediction. We distill this representation into the
VLM’s post-projector image feature, while keeping the LLM
frozen. This differs from static feature distillation methods
based on DINO [7], DINOv2 [32], CLIP [34], or SigLIP [53],
which provide strong semantic representations but do not ex-
plicitly encode viewpoint-dependent geometry. It also dif-
fers from world-model-only image conditioning, where the
teacher receives no camera trajectory and therefore behaves
more like a static image encoder. By conditioning the world-

model teacher on both camera motion and textual context,
GeoWorld-VLM transforms a single static image into a syn-
thetic multi-view supervision signal that encodes how the
scene would change under viewpoint variation, and transfers
this geometry-aware information into the VLM’s visual inter-
face through feature-level alignment.

3. Method
We introduce GeoWorld-VLM, a vision-side distillation
method that transfers geometric structure from a frozen
camera-conditioned video world model into a VLM [5, 39,
46]. As shown in Figure 2, our design follows from a simple
hypothesis: spatial failures arise because the visual tokens
entering the LLM lack sufficient 3D structure. We therefore
keep the LLM frozen and update only the image encoder,
multimodal projector, and lightweight alignment heads.

3.1. Vision-side formulation
Following most VLM architectures, we design a VLM:

VLM(xv, xt) = Ψ ([Pθ(Vϕ(xv)), E(xt)]) , (2)

where Vϕ is the image encoder, Pθ is the multimodal projec-
tor, E is the text encoder and Ψ is the main LLM backbone.
GeoWorld-VLM updates only (ϕ, θ). This isolates the in-
tervention to the representation consumed by the LLM: text-
only behavior is unchanged by construction, and any spatial
improvement must come from better visual tokens rather than
language-side adaptation.

3.2. Camera-conditioned world-model teacher
Static image teachers such as DINO [7, 32, 36] provide strong
semantic features, but they do not explicitly encode how a
scene changes under viewpoint motion. This distinction mat-
ters for spatial reasoning: relations such as behind, between,
support, and occlusion are revealed not only by what objects
are present, but by how their projections change as the camera
moves. For each training image xv , we sample an egocentric
camera trajectory:

π = (π(1), . . . , π(F )), (3)

from translations and rotations, including forward, back-
ward, left, right, forward-left, backward-left, forward-
right, backward-right, and other movements, as provided in
LingBot-World [41]. The frozen world-model teacher re-
ceives the initial images, the camera trajectory, and a text
condition: (xv, π, c). Here, c is ”A slight camera motion
with stable object layout and unchanged spatial relations.”.
The teacher predicts the scene under the sampled camera mo-
tion, and we extract an intermediate hidden representation
g(xv) = Tb⋆(xv, π, c, zt⋆) where zt⋆ is the noised video la-
tent at timestep t⋆ and Tb⋆ denotes the hidden state at teacher
block b⋆. The camera trajectory is essential. If the teacher
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Figure 2. GeoWorld-VLM. During training, GeoWorld-VLM fine-tunes only the vision blocks including vision encoder and multimodal
projector. It aligns the latent features produced by the VLM vision encoder with intermediate world-model representations, where the
world model takes the input image, text prompt, and randomly sampled camera poses as input. At inference time, GeoWorld-VLM no
longer requires the world model and can perform standard VLM inference directly.

receives only images, its representation collapses toward a
static semantic embedding. Conditioning on camera motion
instead forces the teacher feature to encode counterfactual
views, making a single image behave like a synthetic multi-
view training signal, which could be helpful for spatial un-
derstanding.

3.3. World-to-VLM alignment

The student produces post-projector image features
hϕ,θ(xv) = Pθ(Vϕ(xv)). Since the VLM and world
model have different representation spaces, we use two
lightweight projection heads:

us = fsψ(hϕ,θ(xv)), ut = f tψ(g(xv)). (4)

The alignment loss is

Lalign = 1−
〈

us
∥us∥2

,
ut

∥ut∥2

〉
. (5)

We align at the post-projector level because this representa-
tion is directly consumed by the frozen LLM for multimodal
reasoning. Aligning earlier visual features may improve the
encoder but does not guarantee that geometry survives the
multimodal interface.

3.4. Preserving the original interface

World-model alignment alone can move the visual tokens
away from the distribution expected by the frozen LLM. To
control this shift, we keep a frozen copy of the original vision

side, (Vϕ′ , Pθ′), and add a post-projector preservation loss:

Lpreserve =

∥∥∥∥ hϕ,θ
∥hϕ,θ∥2

− hϕ′,θ′

∥hϕ′,θ′∥2

∥∥∥∥2
2

. (6)

The alignment and preservation losses play complementary
roles: alignment injects geometry from the world model,
while preservation keeps visual tokens compatible with the
frozen language stack.

3.5. Training objective

GeoWorld-VLM combines spatial supervision, world-model
alignment, and interface preservation:

L = Ltask + λalignLalign + λpreserveLpreserve. (7)

Here, Ltask is the option-restricted cross-entropy loss for
spatial multiple-choice supervision. Gradients update only
(ϕ, θ, ψ); the LLM, the world-model teacher, and the frozen
reference VLM remain fixed. This design separates the
source of supervision from the locus of adaptation. The
world model supplies geometry through camera-conditioned
prediction; the VLM absorbs that structure only through its
vision side; and the LLM remains unchanged. As a result,
GeoWorld-VLM tests a focused claim: many spatial reason-
ing failures in VLMs can be repaired by improving the visual
interface itself rather than retraining or modifying the lan-
guage model.
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Question: What is the spatial relationship between lamp 
and desk in the image?

Raw Gemma4: The lamp is at the left side of the desk.

Fine-tuned: The lamp is at the left side of the desk.
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Figure 3. Qualitative comparison. We compare the predictions of the original Gemma4, task-only fine-tuned Gemma4, and GeoWorld-
VLM on representative spatial reasoning examples. GeoWorld-VLM produces more spatially consistent answers than the baselines, illus-
trating the benefit of injecting camera-conditioned world-model supervision into the VLM visual pathway.

Model Ctrl-A Ctrl-B COCO-1 COCO-2 VG-1 VG-2 VSR Overall

Gemma4 94.17 79.90 40.57 64.55 69.14 68.49 74.36 61.70
Gemma4 + FT 99.03 92.16 34.79 66.82 77.24 69.86 75.56 62.71
Gemma4 + DINO 97.57 94.61 36.74 68.64 78.10 70.55 78.63 64.40
Gemma4 + Ours 99.51 93.14 37.46 70.45 78.28 76.71 80.17 65.45

InternVL3.5-2B 64.08 81.37 40.12 60.00 65.69 41.78 72.82 57.06
InternVL3.5-2B + FT 98.54 96.08 31.76 55.00 61.38 41.10 83.59 58.14
InternVL3.5-2B + DINO 97.57 99.51 29.54 52.73 51.38 29.45 83.25 54.81
InternVL3.5-2B + Ours 99.51 99.51 35.77 60.91 70.52 45.89 80.34 61.66

Table 1. Main results on the combined What’sUp+VSR evaluation suite. GeoWorld-VLM consistently improves the overall score over the
original model, task-only fine-tuning, and DINO-based distillation. Best results are shown in bold, and second-best results are underlined.

4. Experiments

4.1. Experimental Setup

Baselines & VLMs. We evaluate GeoWorld-
VLM on two representative vision-language model
backbones: google/gemma-4-E4B-it and
OpenGVLab/InternVL3 5-2B-Instruct [45].
For each VLM, we compare four variants. Base denotes
the original VLM without additional spatial adaptation. FT
denotes task-only fine-tuning, which removes the teacher-
student feature alignment loss and the preservation anchor
from GeoWorld-VLM and optimizes only the downstream
spatial answer supervision. This baseline tests whether
the gains can be explained by target-task supervision alone.
DINO [36] denotes a DINOv3-based static feature distillation
baseline, where the world-model teacher is replaced with a
frozen DINOv3 encoder and the VLM visual representation

is aligned with DINOv3 features. This baseline tests whether
generic visual representation distillation is sufficient for
spatial reasoning. Ours denotes GeoWorld-VLM, which
aligns post-projector image features with intermediate
camera-conditioned world-model representations, allowing
the student VLM to absorb motion-aware geometric cues
from the frozen teacher while preserving compatibility
with the original visual interface and leaving the language
backbone unchanged.

Datasets. We evaluate GeoWorld-VLM on three spatial
reasoning benchmarks: What’sUp [20], Visual Spatial Rea-
soning (VSR) [27], and EmbSpatial-Bench [13]. Following
the evaluation protocol of prior spatial reasoning work [8], we
combine What’sUp and VSR into a unified What’sUp+VSR
suite. This suite contains controlled spatial relation recogni-
tion, natural-image spatial QA, and image-text spatial verifi-



cation. Specifically, it covers object-centric relation recogni-
tion in controlled tabletop scenes, absolute and relative spa-
tial localization in COCO and Visual Genome images, and
binary verification of diverse spatial predicates in natural im-
ages. We use 3,089 examples for training and the remaining
3,091 examples for evaluation. For EmbSpatial, we use 2,000
examples for training and the remaining 1,640 examples for
evaluation. For What’sUp+VSR, we report accuracy on Con-
trolled Images A/B, COCO-based QA, VG-based QA, and
VSR, together with the overall average [26, 57]. For Emb-
Spatial, we report relation-wise accuracy on six spatial rela-
tions: left, right, above, under, close, and far, together with
the overall average.

Implementation Details. GeoWorld-VLM uses LingBot-
World-Fast [40] as a frozen camera-conditioned image-
to-video teacher, extracting intermediate DiT features as
geometry-aware supervision. For each input image, the
teacher takes a fixed lightweight prompt, “A slight camera
motion with stable object layout and unchanged spatial re-
lations.”, and a randomly sampled egocentric camera trajec-
tory. On the student side, we align post-projector image fea-
tures, which are directly consumed by the frozen language
model. Following Section 3, we freeze the language model
and update only the image encoder, multimodal projector,
and lightweight alignment heads. All main fine-tuning ex-
periments are repeated using three different random seeds,
and we report the averaged results across these independent
runs. Unless otherwise specified, teacher features are ex-
tracted from the 24th teacher block using two denoising steps.
All methods are trained for three epochs under the same
downstream spatial supervision, with detailed hyperparam-
eters provided in Appendix B.

4.2. Main Results on What’sUp and VSR
Table 1 reports the main results on the What’sUp+VSR suite.
Across both VLM backbones, GeoWorld-VLM achieves the
best overall performance. For Gemma4, GeoWorld-VLM im-
proves the overall score from 61.70 to 65.45, outperforming
both task-only fine-tuning and DINOv3-based static feature
distillation. The gains are especially clear on natural-image
spatial reasoning subsets such as COCO-2 and VG-2, where
GeoWorld-VLM reaches 70.45 and 76.71, respectively. This
suggests that world-model supervision does not merely im-
prove controlled relation recognition, but also transfers to
more complex natural-image spatial reasoning. The qualita-
tive examples in Figure 3 further show that GeoWorld-VLM
produces more spatially grounded predictions than the base-
lines.

For InternVL3.5-2B, GeoWorld-VLM improves the over-
all score from 57.06 to 61.66, yielding a 4.60-point gain
over the base model and a 3.52-point gain over task-only
fine-tuning. In contrast, DINOv3-based feature distillation

decreases the overall score to 54.81. This comparison is
important because both DINO and GeoWorld-VLM intro-
duce auxiliary feature-level supervision, but only GeoWorld-
VLM provides camera-conditioned world-model representa-
tions. The result indicates that static visual feature distillation
may be insufficient, or even harmful, when the target task
requires spatial judgment rather than generic visual discrim-
ination. By contrast, world-model features provide a more
geometry-aware supervision signal, while the preservation
anchor helps maintain compatibility with the frozen language
model. We also observe that the gains are not uniform across
all subsets. For example, COCO-1 remains challenging for
all adapted variants, and task-only fine-tuning can even re-
duce performance on this subset. This suggests that spatial
adaptation may shift the visual interface toward the training
distribution if it is not properly regularized. GeoWorld-VLM
alleviates this issue by combining world-model supervision
with the preservation anchor, improving the overall score
while maintaining competitive performance across individ-
ual subsets. Figure 4 visualizes the overall comparison on the
What’sUp+VSR suite. The performance pattern is consistent
with Table 1: GeoWorld-VLM improves the visual pathway
with geometry-aware supervision and achieves stronger spa-
tial grounding without modifying the frozen language model.

4.3. Relation-wise Results on EmbSpatial

Table 2 further evaluates GeoWorld-VLM on EmbSpatial.
This benchmark allows us to inspect whether the improve-
ment comes from broad answer-pattern fitting or from bet-
ter handling of specific spatial relations. For Gemma4,
GeoWorld-VLM improves the overall score from 60.55 to
78.78, outperforming task-only fine-tuning and DINOv3-
based static feature distillation. The gains are particularly
clear on above, under, close, and far, which often require rel-
ative layout, support, depth, or distance estimation rather than
object recognition alone.

For InternVL3.5-2B, GeoWorld-VLM improves the over-
all score from 52.68 to 79.70 and slightly surpasses DINOv3-
based feature distillation. The strongest gains appear on un-
der and close, suggesting that the world-model teacher is
especially useful for relations that depend on scene geom-
etry and viewpoint. Overall, the EmbSpatial results show
that GeoWorld-VLM does not simply increase average accu-
racy; it strengthens spatial judgments that require geometry-
aware visual representations. The relation-wise pattern also
explains why the improvement is not identical across all cat-
egories. Relations such as left and right can often be inferred
from 2D image layout, so static visual features or task-only
fine-tuning may already provide strong cues. In contrast, rela-
tions such as under, close, and far are more sensitive to view-
point, support, and relative depth. These are precisely the
cases where camera-conditioned world-model supervision is
expected to be most useful.
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Figure 4. Overall comparison on the What’sUp+VSR suite. GeoWorld-VLM improves spatial reasoning performance across diverse
sub-benchmarks, showing consistent gains over the original VLM, task-only fine-tuning, and DINOv3-based static feature distillation.

Model Left Right Above Under Close Far Overall

Gemma4 84.53 60.57 60.45 55.35 53.99 47.76 60.55
Gemma4 + FT 90.29 77.78 86.57 85.24 63.04 58.96 77.01
Gemma4 + DINO 87.05 71.68 87.69 84.50 65.58 58.96 75.91
Gemma4 + Ours 89.21 78.14 88.43 86.72 67.03 63.06 78.78

InternVL3.5-2B 78.42 58.42 64.55 28.78 43.12 42.16 52.68
InternVL3.5-2B + FT 86.69 82.80 82.84 82.29 65.58 68.66 78.17
InternVL3.5-2B + DINO 87.41 78.85 90.67 84.50 67.75 65.30 79.09
InternVL3.5-2B + Ours 84.89 81.36 89.18 87.82 69.93 64.93 79.70

Table 2. Relation-wise results on EmbSpatial. GeoWorld-VLM improves the overall relation accuracy for both VLM backbones and shows
strong gains on geometry-sensitive relations such as under, close, and far. The best result is shown in bold and the second-best result is
underlined.

4.4. Module Selection

Table 3 studies which teacher-side conditioning module pro-
vides the most effective supervision for GeoWorld-VLM. Us-
ing image-to-video world-model features alone already im-
proves the overall score from 61.70 to 64.01, showing that
world-model representations contain spatial information be-
yond the original VLM visual tokens. However, adding only
camera conditioning or only prompt conditioning does not
further improve the overall result. The camera-only and
prompt-only variants reach 63.16 and 62.61, respectively.
This indicates that the two conditioning signals are comple-
mentary rather than independently sufficient. Camera tra-
jectories provide geometric transformation cues, but without

Model Ctrl-A Ctrl-B COCO-1 COCO-2 VG-1 VG-2 VSR Overall

Gemma4 94.17 79.90 40.57 64.55 69.14 68.49 74.36 61.70
Gemma4 + I2V 99.03 94.12 35.68 68.18 77.59 67.81 79.66 64.01
Gemma4 + I2V + Camera 98.06 93.14 33.81 66.36 77.07 66.44 81.03 63.16
Gemma4 + I2V + Prompt 98.54 93.14 33.54 65.45 76.38 70.55 78.46 62.61
Gemma4 + I2V + Prompt + Camera 99.51 93.14 37.46 70.45 78.28 76.71 80.17 65.45

Table 3. Module selection results on the What’sUp+VSR suite.
We compare different teacher-side conditioning modules, including
image-to-video features alone and variants with prompt or camera
conditioning. Based on the overall performance, we select image-
to-video features with both prompt and camera conditioning as the
default configuration of GeoWorld-VLM. The best result is shown
in bold and the second-best result is underlined.



relation-aware text conditioning, the teacher representation
may not focus on the spatial relation queried by the down-
stream task. Conversely, prompt conditioning alone identifies
the relevant relation but lacks the viewpoint variation needed
to expose geometry-aware structure.

The best performance is obtained when prompt and cam-
era conditioning are used jointly. This full configuration im-
proves the overall score to 65.45, outperforming the base
model by 3.75 points and the I2V-only teacher by 1.44 points.
The improvement is especially clear on COCO-2 and VG-
2, where the full configuration reaches 70.45 and 76.71, re-
spectively. These results suggest that the most useful teacher
representation is both question-aware and geometry-aware:
the prompt specifies the spatial relation of interest, while
the camera trajectory encourages features that encode scene
structure under viewpoint changes. Therefore, we use I2V
features with both prompt and camera conditioning as the
default teacher configuration of GeoWorld-VLM. Beyond
module selection, we further conduct parameter ablations
on world-model feature extraction layer, denoising step, and
the alignment loss coefficient. As shown in Appendix C,
GeoWorld-VLM achieves the best overall performance when
using the 24th world-model layer, two denoising steps, and
λalign = 0.10. These results suggest that world-model su-
pervision is most effective when the teacher features are
sufficiently spatially structured but not overly dominated by
generation-specific dynamics.

4.5. Ablation Studies
After selecting the default teacher-side conditioning mod-
ule, we further ablate two key design choices in GeoWorld-
VLM: the world-model feature extraction layer and the de-
noising step used for teacher feature extraction. Both factors
directly affect the spatial signal transferred from the world-
model teacher to the VLM visual interface. Unless otherwise
specified, all ablation studies are conducted using Gemma4 as
the VLM backbone and are evaluated on the What’sUp+VSR
suite under the same experimental setting. More detailed
analysis is provided in Appendix C.

World-model layer selection. Table 4 compares layers 23,
24, and 25 of the world-model teacher. Layer 24 achieves the
best overall performance, improving the base Gemma4 model
from 61.70 to 65.45 and outperforming layers 23 and 25 by
2.38 and 2.35 points, respectively. This suggests that the most
transferable spatial supervision lies in an intermediate-to-late
region of the world-model hierarchy, where the representa-
tion has incorporated camera- and prompt-conditioned spa-
tial structure while remaining general enough to supervise the
VLM visual pathway.

Denoising step selection. Table 5 evaluates the number of
denoising steps used when extracting teacher features. Us-

Model Ctrl-A Ctrl-B COCO-1 COCO-2 VG-1 VG-2 VSR Overall

Gemma4 94.17 79.90 40.57 64.55 69.14 68.49 74.36 61.70
Gemma4 + Ours, layer 23 97.57 94.12 34.25 63.64 77.07 65.75 80.68 63.07
Gemma4 + Ours, layer 24 99.51 93.14 37.46 70.45 78.28 76.71 80.17 65.45
Gemma4 + Ours, layer 25 99.03 95.10 34.43 66.82 76.03 65.07 79.66 63.10

Table 4. Ablation on world-model feature extraction layers.
Layer 24 achieves the best overall performance, suggesting that
intermediate-to-late world-model representations provide the most
transferable geometry-aware supervision.

Model Ctrl-A Ctrl-B COCO-1 COCO-2 VG-1 VG-2 VSR Overall

Gemma4 94.17 79.90 40.57 64.55 69.14 68.49 74.36 61.70
Gemma4 + Ours, 0 step 97.57 93.14 34.88 66.36 75.34 71.23 78.80 63.00
Gemma4 + Ours, 1 step 98.06 95.10 34.43 66.82 76.90 65.07 78.63 63.00
Gemma4 + Ours, 2 steps 99.51 93.14 37.46 70.45 78.28 76.71 80.17 65.45
Gemma4 + Ours, 3 steps 95.63 88.73 34.25 68.18 70.00 71.23 72.31 60.23

Table 5. Ablation on denoising step selection. Using two denois-
ing steps gives the best overall performance, while using three steps
leads to clear degradation.

ing zero or one denoising step improves over the base model,
but both variants plateau at an overall score of 63.00. Using
two denoising steps achieves the best overall performance of
65.45, while using three steps reduces the overall score to
60.23. This indicates that the teacher signal is most useful
after a small amount of spatial prediction, but excessive de-
noising may make the representation too generation-specific
and less suitable for aligning the frozen VLM visual interface.

Additional hyperparameter ablation. We additionally
ablate the alignment loss coefficient λalign in Appendix C.3.
The best performance is obtained with λalign = 0.10, sug-
gesting that world-model alignment should be strong enough
to inject useful spatial structure into the visual pathway, but
not so strong that it disrupts the original VLM visual interface
and its pretrained multimodal representation.

5. Conclusion

We presented GeoWorld-VLM, a vision-side distillation
framework that transfers geometric structure from frozen
camera-conditioned world models into VLMs. By fine-
tuning only the vision encoder and multimodal projector,
GeoWorld-VLM aligns visual tokens with world-model rep-
resentations while keeping the language model frozen and re-
quiring no world-model inference at test time. Across spatial
reasoning benchmarks and two VLM backbones, GeoWorld-
VLM consistently improves the performance, especially on
geometry-sensitive relations such as above, under, close, and
far. Ablations show that prompt- and camera-aware inter-
mediate world-model features are most effective. Overall,
our results suggest that improving the geometry encoded in
visual tokens can mitigate spatial failures in VLMs without
retraining the language model, highlighting world models as



reusable teachers for spatially grounded multimodal intelli-
gence.
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A. More Details about LingBot-World-Fast
GeoWorld-VLM uses LingBot-World-Fast as the default
world-model teacher. LingBot-World-Fast is the efficient
variant of LingBot-World, an open-source video-based world
simulator designed to move beyond passive text-to-video
generation toward interactive world modeling [41]. Unlike
conventional video generators that mainly synthesize short
visual clips, LingBot-World is trained to model temporally
extended visual dynamics, action-conditioned scene evolu-
tion, and long-range spatial consistency. These properties
make it particularly suitable for our setting, where the goal
is not to use the generated video as an additional test-time
input, but to extract intermediate representations that encode
how a static scene may evolve under controlled camera mo-
tion.

LingBot-World is developed through a multi-stage train-
ing pipeline. The first stage builds on a strong image-to-
video diffusion prior, which provides high-fidelity visual gen-

eration and general spatiotemporal coherence. The middle-
training stage further injects world knowledge and action
controllability, enabling the model to maintain scene-level
consistency over extended horizons and to respond to user-
specified controls. The final post-training stage adapts the
model for causal and efficient interactive generation through
architectural adaptation and few-step distillation. LingBot-
World-Fast corresponds to this efficient post-trained variant,
which is optimized for low-latency rollout while preserving
the structural and physical regularities learned by the larger
world model.

A key feature of LingBot-World-Fast is its action-
conditioned architecture. The model takes an initial image
or video, noisy video latents, textual conditions, and user-
defined action signals as inputs. Its action interface supports
both continuous camera motion and discrete control signals.
In the original LingBot-World formulation, camera motion is
represented with geometric embeddings, while discrete ac-
tions such as keyboard-style controls are encoded as action
tokens and injected into the diffusion transformer through
adaptive normalization. As a result, the hidden states of the
model are shaped not only by image appearance and text se-
mantics, but also by the implied camera trajectory and the
corresponding counterfactual scene transformation.

This design is aligned with the motivation of GeoWorld-
VLM. Spatial relations such as behind, under, between, close,
and far are often difficult to infer from object identity alone.
They depend on viewpoint, occlusion, support, relative depth,
and how object projections change under camera motion. Be-
cause LingBot-World-Fast is trained to predict visually co-
herent future states under controllable motion, its intermedi-
ate representations are expected to contain motion-aware ge-
ometric cues that are complementary to static visual encoders
such as DINO or CLIP. This is why we use LingBot-World-
Fast as a feature-level teacher rather than as a video generator
during inference.

In our implementation, LingBot-World-Fast is kept frozen
throughout training. For each input image, we construct an
image-to-video teacher input using a lightweight text condi-
tion and a sampled egocentric camera trajectory. We then run
the world model for a small number of denoising steps and
extract an intermediate hidden state from the diffusion trans-
former as the teacher representation. The extracted represen-
tation is projected into a shared alignment space and used to
supervise the VLM post-projector visual tokens. Importantly,
the generated frames themselves are not used as additional in-
puts to the student VLM at test time. The world model is only
used during training to provide geometry-aware supervision,
so GeoWorld-VLM retains the same inference interface and
computational cost as the adapted VLM backbone.

We select LingBot-World-Fast rather than the full
LingBot-World-Base model for practical reasons. The fast
variant offers a better trade-off between teacher quality and



feature extraction cost, which is important because teacher
representations must be extracted for thousands of training
examples. At the same time, the model remains grounded in
the same world-modeling pipeline as the larger base model,
including long-horizon consistency, action conditioning, and
causal interactive generation. Therefore, LingBot-World-
Fast provides a computationally feasible source of camera-
conditioned spatial supervision while preserving the core ge-
ometric properties needed by GeoWorld-VLM.

B. Training Details

This appendix provides additional implementation and train-
ing details for GeoWorld-VLM and the compared distillation
baselines.

Training objective. For all GeoWorld-VLM experiments,
the language model backbone is frozen, and we update
only the vision encoder, the multimodal projector, and the
lightweight alignment heads. The training objective consists
of three terms:

L = Ltask + λalignLalign + λpreserveLpreserve. (8)

Here, Ltask is the cross-entropy loss over multiple-choice
option-letter logits. Lalign is a cosine alignment loss be-
tween the projected student visual representation and the pro-
jected teacher representation. Lpreserve is a normalized mean-
squared error loss between the current student visual repre-
sentation and that of the frozen original VLM, which is used
to reduce visual-interface drift. Unless otherwise specified,
we set λalign = 0.10 and λpreserve = 0.05.

Optimization hyperparameters. All methods are trained
for three epochs with AdamW. We use a learning rate of
2 × 10−5, weight decay of 0.01, gradient accumulation of
1, maximum gradient norm of 1.0, and random seed 42. For
Gemma4-based experiments, we use a batch size of 4 for both
training and evaluation. For InternVL3.5-2B-based experi-
ments, we generally use a batch size of 2 for the main-suite
experiments due to the larger visual-token cost introduced by
dynamic image tiling.

Alignment heads. For teacher-student feature alignment,
both the student visual features and the teacher features are
passed through separate two-layer MLP projection heads.
The hidden dimension of the projection head is set to 1024,
and the final alignment dimension is set to 512. The align-
ment loss is computed after both student and teacher fea-
tures are projected into this shared feature space. This design
avoids requiring the raw teacher and student hidden states to
have the same dimensionality.

World-model teacher. For GeoWorld-VLM, we use a
frozen camera-conditioned video world model as the teacher.
The main experiments use the LingBot-Fast image-to-video
teacher with 9 frames, 2 teacher denoising steps, and camera
perturbation enabled. We extract the teacher representation
from transformer block 24. The teacher prompt is:

A slight camera motion with stable object layout and un-
changed spatial relations.

This prompt is designed to induce mild viewpoint changes
while preserving the object layout and spatial relations in the
original image.

World-model visual configuration. For the LingBot/Wan-
based teacher, images are processed at resolution 480 × 832
with 9 video frames. The target timestep is set to 300, and the
shift parameter is set to 5.0. The VAE stride is (4, 8, 8) and
the patch size is (1, 2, 2). The teacher transformer has hidden
dimension 5120 and 40 transformer layers. For the LingBot-
Fast denoising schedule used in our main experiments, the
selected timesteps are

[999, 957, 899, 702],

with corresponding sigmas

[0.9998, 0.9580, 0.8994, 0.7024].

Unless otherwise specified, we use the two-step teacher set-
ting in the main reported results.

Gemma4 visual processing. For Gemma4, the vision
patch size is 16. In our implementation, the observed visual
input representation can be organized as patch/token features,
and feature alignment is performed over visual token features
after projecting both the student and teacher features to the
shared 512-dimensional alignment space. This matches the
design choice in GeoWorld-VLM: the supervision is applied
at the VLM visual interface before the frozen language model
consumes the visual tokens.

InternVL3.5 visual processing. For InternVL3.5-2B, we
use its dynamic image tiling strategy. Each tile has resolu-
tion 448 × 448. In the main reported setting, the maximum
number of visual tiles is set to 4. The preprocessing proce-
dure selects the closest aspect-ratio tiling layout under the tile
budget, resizes and crops the image into 448-sized tiles, and
adds a thumbnail when multiple tiles are used. The prompt is
constructed by inserting repeated <IMG CONTEXT> tokens
according to the number of image tokens and the number of
visual tiles. The student visual features are then projected to
the shared 512-dimensional alignment space before comput-
ing the alignment loss.



DINOv3 distillation baseline. For the DINO baseline, we
replace the camera-conditioned world-model teacher with a
frozen DINOv3 ViT-S/16 encoder. Images are resized to
224× 224, yielding an approximate 14× 14 spatial grid with
patch size 16. When the Hugging Face processor is unavail-
able, we use a fallback preprocessing pipeline consisting of
resizing to 224 × 224 followed by ImageNet normalization.
The DINO visual features are treated as static teacher fea-
tures and are projected into the same 512-dimensional align-
ment space as the student features. The alignment loss is
again computed using cosine distance. For both Gemma4 and
InternVL3.5-2B, the DINO baseline uses the same default
loss weights, namely λalign = 0.10 and λpreserve = 0.05,
and is trained for three epochs under the same downstream
supervision.

Model-specific settings. For Gemma4 with the world-
model teacher, the main experiments use the LingBot-Fast
image-to-video teacher with 9 frames, 2 denoising steps,
transformer block 24, camera perturbation, and the layout-
preserving prompt described above. For InternVL3.5-2B
with the world-model teacher, we use the same teacher con-
figuration, while adapting the student-side preprocessing to
InternVL’s dynamic tiling mechanism. For Gemma4 with DI-
NOv3 and InternVL3.5-2B with DINOv3, the only change
is replacing the world-model representation with DINOv3
visual features; the optimization hyperparameters and loss
weights are kept the same for a controlled comparison. The
time consumed to use our method on Gemma4 is about 5.5
hours if the training set is What’sup and VSR and the com-
pute source is 2 Nvidia H200.

C. Additional Ablation Analysis

The main paper reports the ablation results on world-model
layer selection and denoising step selection in Section 4.5.
Here, we provide additional analysis of these two design
choices and further report the ablation on the alignment loss
coefficient.

C.1. Analysis of World-Model Layer Selection
The layer selection results in Table 4 show that layer 24 pro-
vides the strongest overall supervision among the tested lay-
ers. This pattern suggests that the usefulness of world-model
features is not monotonic with depth. A slightly shallower
layer may still retain more local appearance information and
may not fully encode the camera- and prompt-conditioned
spatial structure needed for downstream spatial reasoning. A
later layer, on the other hand, may become more specialized
toward the teacher model’s generative objective and less com-
patible with the frozen VLM visual interface.

Layer 24 appears to offer a better balance. It has already
integrated viewpoint-conditioned spatial cues, but its repre-

sentation remains sufficiently general to serve as a transfer-
able supervision signal. This is consistent with the design
goal of GeoWorld-VLM: the teacher feature should provide
geometry-aware information without forcing the student vi-
sual tokens to imitate generation-specific representations too
strongly.

C.2. Analysis of Denoising Step Selection
The denoising step results in Table 5 show that teacher fea-
tures are most effective when extracted after two denois-
ing steps. This suggests that a small amount of world-
model prediction helps reveal the geometry induced by the
sampled camera trajectory. With zero or one denoising
step, the teacher representation may still be close to the
initial image-conditioned latent and may not fully expose
viewpoint-dependent structure. This explains why both set-
tings improve over the base model but remain limited at an
overall score of 63.00.

However, more denoising is not necessarily better. Using
three denoising steps substantially reduces the overall score.
One possible explanation is that later denoising states be-
come increasingly tied to video synthesis rather than repre-
sentation transfer. They may contain generation-specific arti-
facts or drift away from the original image evidence, making
them less suitable for supervising the VLM visual pathway.
Therefore, GeoWorld-VLM benefits most from an intermedi-
ate predictive representation: it should be spatially enriched
by the world model, but still anchored to the input image.

C.3. Alignment Loss Coefficient
Table 6 studies the effect of the alignment loss coefficient.
The best performance is obtained with λalign = 0.10, which
reaches an overall score of 65.45. When the coefficient is
too small, the teacher signal may be insufficient to inject
useful spatial structure into the student visual representation.
When the coefficient is too large, the adapted visual tokens
may overfit to the world-model feature space and become
less compatible with the frozen language model. Therefore,
the alignment loss is best understood as a controlled geomet-
ric regularizer rather than a replacement objective for VLM
training.

C.4. Summary
Overall, the ablation results support three design choices used
in the main experiments. First, the 24th world-model layer
provides the strongest supervision among the tested layers.
Second, two denoising steps offer the best trade-off between
exposing spatial dynamics and preserving fidelity to the input
image. Third, λalign = 0.10 gives the best balance between
transferring geometry-aware information and maintaining the
original VLM visual interface. These observations justify the
default GeoWorld-VLM configuration used in the main re-
sults.



Model Ctrl-A Ctrl-B COCO-1 COCO-2 VG-1 VG-2 VSR Overall

Gemma4 94.17 79.90 40.57 64.55 69.14 68.49 74.36 61.70
Gemma4 + Ours, λalign = 0.05 99.03 92.65 36.21 66.82 76.03 69.86 77.95 63.49
Gemma4 + Ours, λalign = 0.10 99.51 93.14 37.46 70.45 78.28 76.71 80.17 65.45
Gemma4 + Ours, λalign = 0.15 99.03 92.16 35.85 66.36 76.90 72.60 79.49 63.88
Gemma4 + Ours, λalign = 0.20 98.54 89.22 33.99 69.55 75.69 65.75 79.49 62.64

Table 6. Ablation on the alignment loss coefficient. λalign = 0.10 achieves the best overall result, suggesting that world-model alignment
should be strong enough to inject spatial structure but not so strong that it disrupts the original VLM visual interface. The best result is
shown in bold and the second-best result is underlined.

D. Qualitative Case Studies

We provide qualitative examples from EmbSpatial-Bench to
further illustrate how GeoWorld-VLM changes the spatial be-
havior of the base VLM. As shown in Table 7, Cases 1–
5 highlight examples where only our method predicts the
correct answer, while the raw model, FT-only baseline, and
DINO-aligned baseline all fail. These cases suggest that task
supervision or static visual feature alignment alone may still
be insufficient for relations that require geometric structure,
such as vertical placement, left-right ordering, and viewpoint-
dependent distance judgment. In contrast, GeoWorld-VLM
benefits from camera-conditioned world-model supervision,
which provides a more geometry-aware training signal for
adapting the visual interface of the VLM. Table 8 further
shows cases where our method corrects errors made by the
raw model, while FT-only or DINO alignment may also suc-
ceed. Together, these examples support our main finding that
world-model alignment can improve spatial reasoning not
merely by memorizing task labels, but by encouraging the
visual pathway to preserve spatial cues that are useful before
language reasoning begins.

D.1. Cases Where Only Our Method Is Correct

D.2. Cases Where Our Method Corrects the Raw
Model

E. Limitations and Broader Impact.

GeoWorld-VLM has several limitations. First, our method
depends on the quality of the frozen world-model teacher: if
the teacher encodes inaccurate viewpoint dynamics or weak
scene geometry, the extracted features may provide noisy
supervision. Second, although GeoWorld-VLM requires no
world-model inference at test time, training still introduces
additional cost because teacher features must be extracted
from a large video world model. Finally, the method re-
mains sensitive to feature extraction choices such as teacher
layer and denoising step, and the gains are not uniform across
all spatial relations or subsets. Future work could explore
stronger and more efficient teachers, broader embodied eval-

uations, and more principled criteria for selecting geometry-
aware teacher representations. GeoWorld-VLM aims to im-
prove the spatial reasoning ability of vision-language mod-
els by enhancing the visual representations consumed by a
frozen language model. This capability could have positive
impacts on embodied AI, assistive agents, robotics, naviga-
tion, and multimodal systems that need more reliable under-
standing of object layout and spatial relations. At the same
time, stronger spatial perception may also increase the capa-
bility of systems used in surveillance, autonomous decision-
making, or other safety-sensitive applications where incorrect
spatial judgments could cause harm. Our work is a research
study on benchmarked spatial reasoning rather than a de-
ployed system, and we do not release new high-risk datasets,
pretrained generative models, or autonomous agents. Fu-
ture deployments of spatially enhanced VLMs should in-
clude careful evaluation under domain-specific safety re-
quirements, robustness testing, and human oversight in high-
stakes settings.



Image Question / Ground Truth Model Predictions

Q: In the image, how do the positions of
picture and ottoman interact with each other?
GT: The picture is above the ottoman.

Raw: The picture is on the left side of the
ottoman. ✗

FT-only: The picture is on the left side of the
ottoman. ✗

DINO: The picture is on the left side of the
ottoman. ✗

Ours: The picture is above the ottoman. ✓

Q: In the image, how do the positions of
television and bar interact with each other?
GT: The television is left of the bar.

Raw: The television is on the right side of the
bar. ✗

FT-only: The television is on the right side of
the bar. ✗

DINO: The television is on the right side of
the bar. ✗

Ours: The television is left of the bar. ✓

Q: Among the listed objects, which one is
farthest from your current location in the
image?
GT: plant

Raw: bathtub ✗

FT-only: bathtub ✗

DINO: bathtub ✗

Ours: plant ✓

Q: From your viewpoint, which object among
the options is the nearest within the image?
GT: chest

Raw: bed ✗

FT-only: curtain ✗

DINO: bed ✗

Ours: chest ✓

Q: What is the spatial relationship between
chair and bicycle in the image?
GT: The chair is at the right side of the
bicycle.

Raw: The chair is below the bicycle. ✗

FT-only: The chair is below the bicycle. ✗

DINO: The chair is below the bicycle. ✗

Ours: The chair is at the right side of the
bicycle. ✓

Table 7. Qualitative examples where only our LingBot-teacher alignment method predicts the correct spatial answer.



Image Question / Ground Truth Model Predictions

Q: Which object, in relation to your current
position, holds the nearest placement in the
image?
GT: pillow

Raw: pool table ✗

FT-only: pillow ✓

DINO: pillow ✓

Ours: pillow ✓

Q: What is the spatial configuration between
monitor and lamp in relation to each other
within the image?
GT: The monitor is beneath the lamp.

Raw: The monitor is on the left side of the
lamp. ✗

FT-only: The monitor is on the left side of the
lamp. ✗

DINO: The monitor is beneath the lamp. ✓

Ours: The monitor is beneath the lamp. ✓

Q: What is the spatial arrangement of
wardrobe and curtain in the image concerning
each other?
GT: The wardrobe is on the right side of the
curtain.

Raw: The wardrobe is outside the curtain. ✗

FT-only: The wardrobe is on the right side of
the curtain. ✓

DINO: The wardrobe is on the right side of the
curtain. ✓

Ours: The wardrobe is on the right side of the
curtain. ✓

Q: How are printer and paper positioned in
relation to each other in the image?
GT: The printer is at the left side of the paper.

Raw: The printer is at the right side of the
paper. ✗

FT-only: The printer is at the left side of the
paper. ✓

DINO: The printer is at the left side of the
paper. ✓

Ours: The printer is at the left side of the
paper. ✓

Q: What is the spatial arrangement of picture
and bin in the image concerning each other?
GT: The picture is above the bin.

Raw: The picture is left of the bin. ✗

FT-only: The picture is above the bin. ✓

DINO: The picture is above the bin. ✓

Ours: The picture is above the bin. ✓

Table 8. Qualitative examples where our method corrects errors made by the raw model. FT-only or DINO alignment may also succeed on
some of these examples, but the raw VLM fails.
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