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ABSTRACT

Vision-Language Models (VLMs) have continuous deficiency in spatial reasoning
tasks that require mental spatial transformation, such as reasoning under hypo-
thetical changes in viewpoint or position, known as perspective-taking tasks. Ex-
isting approaches either scale linguistic reasoning or augment VLMs with static
geometric representations, but neither directly enables active transformation of
the represented scene. World models offer this capability, yet existing systems
typically communicate through synthesized RGB images, introducing a latent-
to-pixel-to-latent bottleneck. We introduce WorldMind, a framework for test-
time scaling of spatial reasoning through latent world simulation. Given a query
and observation, the VLM selects useful spatial transformations, while a world
model executes them and exposes aligned intermediate latent features directly
to the VLM. The resulting latent evidence is incorporated into subsequent rea-
soning steps, enabling iterative spatial simulation without repeatedly decoding
imagined states into pixels. To optimize this interaction, WorldMind further em-
ploys process-verifiable reinforcement learning that rewards reasoning progress
only when the associated action and latent transition are valid. WorldMind thus
scales spatial reasoning by allocating additional inference-time computation to
active world simulation rather than generating more language or pixels. Across
VSI-Bench, MMSI-Bench, and MindCube-Tiny, WorldMind achieves an average
improvement of 16.0% over the base VLM and 8.3% over the strongest RGB-
based world simulation.

1 INTRODUCTION

What is the plant’s 
position relative to me, 
if I move to the other 
side of the table and 

face the TV?

Human brain with mental spatial transformation

VLMs trained for semantic understanding

If I move to the 
other side of the 
table, I will turn 90 
degrees to the left, 
then TV will be …

Figure 1: Spatial transformation in
perspective-taking reasoning tasks

Vision-Language Models (VLMs) have achieved re-
markable success in multimodal perception, and
demonstrated strong capabilities in semantic recogni-
tion and extraction of basic spatial cues from individual
frames [5, 24, 8]. However, their performance degrades
substantially when spatial reasoning requires going be-
yond what is directly observed, as shown in Figure 1,
such as determining how objects would appear from an-
other viewpoint, mentally rotating a scene, or planning
a sequence of viewpoint changes [25, 42, 3, 26]. From
the perspective of cognitive science, the limitation of
VLMs in these perspective-taking tasks is due to their
intrinsic deficiency in reproducing the human’s spatial
intelligence, which builds on mental spatial transfor-
mation, the ability to construct an internal representa-
tion of the environment and transform that representa-
tion under hypothetical changes in viewpoint, orienta-
tion, or position [35, 13, 15]. Current VLMs, since be-
ing trained for semantic understanding, lack a mech-
anism for similarly performing such internal spatial
transformation, and hence struggle on complex down-
stream tasks that require reasoning over unobserved or transformed states, including multi-step nav-
igation, dynamic perspective taking, and reasoning about occluded geometry [43, 50, 6].
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Existing efforts on addressing this gap primarily follow two approaches but both have fundamental
limitations. The first approach is to scale linguistic test-time computation for mental spatial trans-
formation, as shown in Figure 2(a). This strategy is highly effective in symbolic and mathematical
reasoning [40, 36], but simply generating more texts at test time often fails to improve or even de-
grade spatial reasoning, because the missing spatial information about the real-world scene cannot
be made available by extra linguistic texts, which may instead introduce extra bias or confusions
[43, 17, 16]. The second approach is to inject encoded 3D representations (e.g. depth maps or point
clouds) into the VLMs’ inputs [2, 23, 7]. While these representations provide useful geometric cues
for the currently observed scene and benefit localized metric tasks such as object measurement, they
remain limited to the existing observations and cannot support tasks that require active viewpoint
transformation or exploration, such as reasoning from an opposing observer’s perspective [48, 18].
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Figure 2: Comparisons of test-time scaling
paradigms for spatial reasoning

Recently emerged models for novel view syn-
thesis, such as world action models [54, 57,
33], are naturally a better alternative to en-
able spatial transformations and provide spa-
tial information beyond current observations,
because they are trained to predict how visual
observations change under camera motions or
explicitly specified actions. As a result, their
learning objectives inherently require model-
ing how the environment changes under hypo-
thetical transformations of viewpoint and state.
More importantly, recent analyses suggest that
their intermediate latent representations en-
code rich information about scene geometry,
camera motion, object correspondence, and
spatial structures, even without explicit 3D su-
pervision [14, 52, 27]. This means that these
models serve as spatial simulators, whose in-
ternal representations provide structured spa-
tial information that can be directly exploited
for spatial reasoning.

Some existing approaches have coupled VLMs
with world models for active visual imagina-
tion [56, 59, 55]. Given a spatial query, the
VLM selects a target viewpoint, and the world model generates the novel view being needed as ad-
ditional frames for reasoning. These methods establish an important paradigm of test-time scaling
for spatial reasoning, through actively imagined observations in new viewpoints. However, they use
the world model primarily as an explicit image renderer [4, 47]: the world model first converts its in-
ternal spatial representation into explicit pixels, from which the VLM recovers the spatial structures
through its visual encoder, as shown in Figure 2(b). Since the visual encoder used in VLMs (e.g.,
ViT [9]) are mostly optimized for visual-semantic understanding, such recovery in VLMs would
certainly cause loss or ineffective representation of important spatial information, such as geometry,
object correspondence and relationship among objects.

In this paper, we present WorldMind, a new framework for test-time scaling of spatial reasoning
through latent world simulation. As shown in Figure 2(c), given a spatial query and the current
observation, the VLM iteratively decides what to simulate by selecting a useful viewpoint transfor-
mation, and the world model performs the scene transformation and returns its latent representation
to VLM as spatial features. In this way, rather than relying on the synthesized pixels, WorldMind
directly extracts the spatially informative latent representations from the world model, aligns them
with the VLM, and incorporates them into VLM’s reasoning. This interaction continues until suffi-
cient evidence has been gathered to answer the query.

Realizing this latent world simulation poses two primary technical challenges. The first challenge
is to determine which representations of the world model should be exposed to the VLM. The in-
ternal representations of diffusion world models are distributed across multiple network blocks and
denoising steps, and features at different locations encode different types of information, ranging
from low-level appearance and texture to object semantics, geometry and global scene structure
[39].WorldMind identifies spatially informative latent representations by evaluating features across
diffusion layers and denoising steps, retaining those most useful for spatial question answering, and
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aligns them with the VLM through a lightweight adapter trained with answer supervision (Section
3.1).

The second challenge is to effectively learn multi-step latent simulation. Final-answer supervision
alone provides little guidance on whether each intermediate simulation step is useful or correctly
executed [37]. To address this challenge, WorldMind trains the simulation policy in two stages:
supervised fine-tuning on synthetic reasoning trajectories to bootstrap viewpoint selection (Section
3.2), followed by reinforcement learning with step-level rewards that encourage task progress, cor-
rect execution of spatial transformations, and reliable simulation (Section 3.3).

To the best of our knowledge, WorldMind is the first that scales spatial reasoning at test time by di-
rectly exposing the world model’s latent spatial representations to a VLM. It integrates latent feature
selection, alignment, and multi-step world simulation into a unified reasoning framework, so that
the VLM can actively acquire, interpret, and directly reason over transformed spatial states without
repeatedly decoding them into pixels. We evaluated WorldMind across multiple spatial reasoning
benchmarks, and experiment results show that WorldMind improves the average success rate of spa-
tial reasoning tasks by 16.0% over the base VLMs and 8.3% over explicit world simulation, with
particularly strong gains on viewpoint transformation and multi-step spatial reasoning tasks.

2 MOTIVATION AND RELATED WORK

100 samples 1k samples 10k samples
30%

40%

50%

60%

70%

Ac
cu

ra
cy

Picture
Latent

(a) Performance under different fine-tuning data
scales.

Input obj.cnt. rel.dir route app.order

RGB 68.4 65.2 35.8 69.7
WM Latent 69.3 67.2 38.1 69.4

(b) Task-wise comparison on VSI-bench.

Figure 3: Preliminary comparison be-
tween RGB and world-model latent rep-
resentations. (a) Comparison under differ-
ent fine-tuning data scales. (b) Comparison
across VSI-bench tasks.

Recent studies show that intermediate representations
of video diffusion and world models encode substan-
tial 3D and dynamic information [14, 52]. These ob-
servations motivate our design of WorldMind to di-
rectly expose the selected latent representations of
world model to the VLM, avoiding repeated decod-
ing and re-encoding of explicit pixels as the existing
approaches do [47, 4, 59, 55], while retaining active,
query-driven world simulation at test time.

To examine whether the world model’s latent states
are essentially better spatial representations compared
to explicit pixels in VLM’s spatial reasoning, we
conduct a preliminary study using Qwen3-VL-8B-
Instruct [1] on the MindCube benchmark [48], by
comparing the model fine-tuned with RGB inputs
against the model fine-tuned with world-model latent
features under different training-data scales. For this
preliminary study, we uniformly sample latent fea-
tures over layers and denoise steps. As shown in Fig-
ure 3, RGB inputs perform better with small data
scale, because the pretrained VLM is already well
aligned with the image modality. As the amount
of fine-tuning data increases, the latent-based model
catches up with and eventually surpasses the RGB-
based counterpart, suggesting that world-model latents can provide more effective spatial represen-
tations once sufficient alignment data are available. We further break down the comparison across
different spatial reasoning tasks on VSI-bench 43. The advantage of latent representations is most
pronounced on tasks requiring explicit transformation of the observed spatial state, such as relative
direction (rel.dir) and route plan (route).

3 METHOD

As shown in Figure 4, given a sequence of current RGB observations {I1, . . . , IN} and a question
Q, WorldMind augments the standard VLM visual representation with latent features extracted from
a pre-trained world model. For each frame, the VLM produces Hrgb

i that encodes the observed RGB
frame Ii in the VLM’s native visual representation space, and the corresponding world-model latent
Zi is mapped into the VLM feature space through a learnable adapter as Hw

i = Pw(Zi). The initial
context is constructed as X0 = [Hrgb

1 , Hw
1 , . . . ,Hrgb

N , Hw
N , Q].
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Figure 4: Overview of WorldMind design. Given the currently observed RGB frames and a spatial
query, WorldMind augments standard VLM visual tokens with the selected latent features from a
pre-trained world model, and performs iterative reasoning through camera actions and latent world
simulation. To ensure proper latent world simulation, WorldMind first trains an adapter that se-
lects latent features from the world model and aligns them with a frozen VLM. Then, it fine-tunes
the VLM in two stages: (1) supervised fine-tuning with simulated reasoning trajectories; and (2)
process-verifiable reinforcement learning, which further optimizes action selection and reasoning
using intermediate and final rewards.

During reasoning, the VLM iteratively generates a textual reasoning token Rt and a camera action
At. This action is executed by the world model, which returns a new latent state H̃w

t that is appended
to the VLM’s reasoning context. The complete inference sequence is X0 → [R1, A1, H̃

w
1 ] → · · · →

[RT , AT , H̃
w
T ] → [J, Y ], where J and Y denote the final justification and answer. In this way,

additional test-time computation is used to acquire new latent spatial evidence rather than merely
generating more texts.

The key to ensuring proper latent world simulation described above is to select spatially informa-
tive world-model representations, align them with the VLM’s feature space, and train the VLM to
actively query and utilize these latent states during multi-step reasoning. To achieve this, we first
train an adapter for latent feature selection and alignment, to identify a compact set of spatially
informative world model representations and align them with a frozen VLM’s representation space.
Afterwards, it fine-tunes the VLM being used for spatial reasoning in two stages: (1) simulation-
trajectory supervised fine-tuning trains the adapter and VLM’s LoRA modules on synthetic tra-
jectories, to interleave reasoning, camera-action selection, world-model simulation, and latent-state
conditioning; and (2) process-verifiable reinforcement learning further optimizes the policy on its
own sampled trajectories, rewarding the reasoning progress only when the intended spatial trans-
formation is successfully realized and the resulting latent state is reliable, while retaining terminal
answer supervision and penalizing unnecessary world-model calls. Together, these stages progres-
sively teach WorldMind to interpret, reason with, and actively acquire latent spatial evidence.
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3.1 LATENT SELECTION AND ALIGNMENT
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Figure 5: Spatial information across
world-model latents.

World-model representations vary substantially across
network layers and denoising timesteps, and not all
latent features are equally informative for spatial rea-
soning. To show this empirically, we conduct a sim-
ple probing experiment in which a lightweight MLP
is trained to reconstruct the scene’s 3D point cloud
from latent features extracted at different transformer
blocks and diffusion noise levels. As shown in Fig. 5,
reconstruction error varies considerably across layer–
timestep combinations, with some intermediate repre-
sentations preserving substantially more geometric in-
formation than others. This observation motivates us
to avoid arbitrarily selecting a single latent feature. In-
stead, we first identify a compact subset of spatially in-
formative representations and then align the selected features with the pretrained VLM for down-
stream reasoning.

Learned latent selection. We construct a candidate feature bank F = {h(ℓ,τ)} from multiple
diffusion layers ℓ and denoising timesteps τ , and train a temporary fusion adapter over the full set.
We then estimate the contribution of each layer–timestep pair using attribution or feature ablation
and retain the top-K features, forming a fixed subset S∗ = {(ℓ1, τ1), . . . , (ℓK , τK)}. This selection
is performed offline and kept fixed during subsequent training and inference.

Using the selected features, we learn a lightweight adapter Pw that maps world-model representa-
tions into a form usable by the pretrained VLM. For frame Ii, the resulting latent representation is
Hw

i = Pw({h(ℓ,τ)
i : (ℓ, τ) ∈ S∗}). During alignment, the world model and VLM backbone remain

frozen, while only Pw is optimized. Rather than enforcing token-level matching with RGB features,
we perform functional alignment, allowing the projected latents to preserve complementary geo-
metric information such as depth, viewpoint, and 3D structure. Given the target response Y align =
[J, Y ], we optimize the standard autoregressive objective Lans = −

∑
k log pθ(yk | Xalign, y<k).

Modality dropout. Since Ii and Zi describe the same scene, the frozen VLM may rely on RGB
alone and ignore the world-model tokens. To mitigate this modality dominance [30], we randomly
train with either the joint input Xjoint = [Hrgb, Hw, Q] or a latent-only input Xlatent = [Hw, Q],
sampled with probabilities 1−pdrop and pdrop, respectively. The latent-only samples force the latent
interface to expose task-relevant information from the world-model representation.

Weak representation compatibility. We further introduce an optional global compatibility ob-
jective that encourages corresponding RGB and world-model representations to occupy a sim-
ilar semantic space without enforcing token-level matching. We compute pooled projections
cwi = gw(Pool(H

w
i )) and crgbi = sg(gv(Pool(H

rgb
i ))), normalize them, and apply a contrastive

loss Lcompat over matched and mismatched pairs within the batch [11, 41]. The overall alignment
objective is

Lalign = Lans + λcompatLcompat, (1)

where λcompat is kept small so that functional answer supervision remains dominant. The compati-
bility branch is used only during training and discarded at inference.

3.2 SIMULATION-TRAJECTORY SUPERVISED FINE-TUNING

After latent alignment, the model can interpret world-model features but has not yet learned how
to use them within an iterative reasoning process. This stage teaches the VLM to interact with the
world model by identifying missing spatial information, selecting useful camera transformations,
and incorporating the resulting latent states into its reasoning.

Such training requires step-level supervision over both textual reasoning and camera actions. Given
an initial context, we assume a target trajectory of the form [R∗

1, A
∗
1, H̃

w
1 , . . . , R∗

T , A
∗
T , H̃

w
T , J∗, Y ∗],

where R∗
t and A∗

t denote the target reasoning step and camera action, and H̃w
t is the world-model

latent returned after executing A∗
t . The latent states are treated as observations rather than autore-

gressive prediction targets; supervision is applied only to the reasoning tokens, camera actions, and
final response.
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The overall SFT objective is

LSFT = λrLreason + λaLaction + λfLfinal, (2)

where

Lreason = −
T∑

t=1

∑
k∈R∗

t

log pθ
(
r∗t,k | Ct, r

∗
t,<k

)
, (3)

and

Laction = −
T∑

t=1

log pθ (A
∗
t | Ct, R

∗
t ) . (4)

Here, Ct contains the initial multimodal context together with all preceding reasoning steps, actions,
and returned world-model latents. The final-response loss Lfinal is the standard autoregressive loss
over the final justification and answer. We use separate terms because reasoning, camera actions,
and final responses constitute distinct supervised outputs, whereas the returned world-model latents
are conditioning observations rather than prediction targets [58, 44].

In practice, such interleaved reasoning–action–latent trajectories are not directly available in existing
spatial-reasoning datasets. We therefore construct synthetic reasoning trajectories using a teacher
model.

During this stage, we jointly optimize the latent adapter Pw and lightweight LoRA modules inserted
into the VLM, while keeping the pretrained VLM backbone and world model frozen. Unlike latent
alignment, which teaches the model to interpret world-model features, trajectory SFT teaches it how
to use those features within an iterative spatial reasoning process.

3.3 PROCESS VERIFIABLE RL

While supervised fine-tuning provides a strong initialization for spatial reasoning and action gen-
eration, it primarily teaches the model to imitate teacher-provided trajectories rather than directly
optimize task performance. We therefore further train WorldMind with reinforcement learning, al-
lowing the model to explore its own reasoning and camera-action trajectories and optimize them
according to task-level rewards. This stage encourages the model to discover more effective spatial
transformations, improve final-answer accuracy, and avoid unnecessary simulation steps.

At step t, the policy samples (Rt, At) ∼ πθ(· | Ct). The action At is executed by the world model
to produce Z̃t = W(St−1, At), which is projected as H̃w

t = Pw(Z̃t) and appended to the context
for the next reasoning step. This yields an interactive rollout

S0
πθ−→ A1

W−→ S1
πθ−→ · · · W−→ ST → Y. (5)

A central challenge is assigning credit not only to the final answer, but also to the intermediate
reasoning and simulation steps that produce it. Conventional outcome rewards, such as answer
correctness and format compliance, provide little guidance on whether a camera transformation is
useful or whether the resulting world-model state contributes to subsequent reasoning [22, 12]. We
therefore augment it with a step-wise reward.

Conceptually, we impose three requirements on each reasoning step. First, the newly acquired
evidence should improve the model’s ability to answer the question compared with reasoning from
the previous context alone. We therefore define the progress reward [34] as

rprogt = ∆Vt = V (Ct+1)− V (Ct), (6)

where V (Ct) denotes the estimated probability of reaching the correct answer from context Ct.
Second, the selected camera action should correctly realize the intended spatial instruction. We
capture this with the action validity cactiont , which measures if the generated action Aj is consistent
with the textual instruction Rj in this reasoning step. Third, because the synthesis capability of a
world model is inherently bounded (e.g. it may become unreliable when extrapolating far beyond
the region covered by the observed views) we introduce the state validity cstatet , which measures
whether the resulting latent state remains within the reliable operating range of the world model.

Rather than adding these three terms independently, we use action and state validity as multiplicative
gates [28, 29] on progress:

rstept = cactiont cstatet ∆Vt. (7)
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This design prevents the policy from earning process reward merely by selecting easy-to-execute
actions or producing plausible-looking states. High reward is obtained only when a step simultane-
ously makes useful progress, correctly executes the intended transformation, and produces a reliable
world-model state. It therefore discourages degenerate behaviors such as repeatedly taking safe but
uninformative actions or exploiting hallucinated latent states that spuriously increase answer confi-
dence.

The overall trajectory reward is then

R(τ) = λansrans + λfmtrfmt +

T∑
t=1

rstept − λcT, (8)

where rans evaluates final-answer correctness, rfmt enforces the required output format, and λcT
penalizes unnecessary world-model calls.

In practice, we compute clatentt by measuring the similarity between the world-model latent gener-
ated after executing At and the latent representation of the corresponding ground-truth target view.
For synthetic 3D scenes, we render the ground-truth observation OGT

t at the same target camera pose
and extract its latent representation HGT

t using the same world-model layer and diffusion timestep
as the generated latent Hw

t . Since the two representations lie in the same latent space and share the
same spatial organization, we measure their consistency using the average cosine similarity between
spatially corresponding latent tokens. Specifically, let H̃w

t = {hw
t,i}Ni=1 and H̃GT

t = {hGT
t,i }Ni=1. We

define

cstatet =
1

N

N∑
i=1

1 + cos
(
hw
t,i, h

GT
t,i

)
2

, (9)

where the cosine similarity is rescaled from [−1, 1] to [0, 1]. A high clatentt indicates that the gener-
ated latent remains consistent with the ground-truth scene state at the requested viewpoint, whereas
a low value suggests that the transformation exceeds the reliable operating range of the world model
and may introduce hallucinated or spatially inconsistent content.

4 EXPERIMENTS

Evaluation Benchmarks. We evaluate WorldMind on multiple benchmarks that include comple-
mentary aspects of visual spatial reasoning, such as metric understanding, relative spatial relations,
perspective taking, multi-view reasoning, and navigation-oriented reasoning. These aspects widely
cover video-based spatial understanding, viewpoint transformation and compositional reasoning,
allowing us to assess where latent world simulation provides the largest benefit.

• VSI-Bench [59] evaluates video-based spatial reasoning in indoor environments across
diverse task categories, including object counting, absolute and relative distance, object
and room size, relative direction, route planning, and appearance order. Following the
official evaluation protocol, we report Accuracy for multiple-choice questions and Mean
Relative Accuracy (MRA) for numerical questions.

• MindCube [48] evaluates spatial mental modeling from limited multi-view observations.
It contains three settings (Rotation, Among, and Around )that test whether a model can
construct and manipulate an internal representation of a scene from only a few views. We
report accuracy for each setting together with the overall score.

• MMSI-Bench [45] provides a broader evaluation of multimodal spatial intelligence across
11 task categories, covering camera–camera, camera–object, camera–region, object–
object, object–region, and region–region relations, as well as measurement, appearance,
camera motion, object motion, and multi-step reasoning. We report per-category accuracy
together with the overall benchmark score.

Evaluation Baselines. We compare WorldMind with three groups of competitive baselines:
• General-purpose VLMs. We use Qwen3-VL-8B-Instruct [1], LLaVA-OneVision-7B [21],

and LLaVA-Video-7B [53] as general-purpose multimodal baselines. They directly reason
over the observed visual inputs without explicit 3D representations or world model simu-
lation.

• Spatial-Aware VLMs. We compare WorldMind against VLM-3R-7B [10] and Cambrian-
S-7B [46], which enhance general-purpose VLMs with explicit geometric or spatial repre-
sentations. These baselines test whether directly injecting 3D-aware features is sufficient
for spatial reasoning, without actively transforming the represented scene.
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LLaVA-Video-7B 48.5 14.0 43.5 47.8 24.2 42.4 34.0 30.6 35.6
LLaVA-OneVision-7B 47.7 20.2 42.5 47.4 12.3 35.2 29.4 24.4 32.4
Qwen3-VL-8B-Instruct 66.7 38.9 59.0 74.1 53.5 65.4 32.0 69.4 57.4
VLM-3R-7B 70.2 49.4 65.4 69.2 67.1 80.5 45.4 40.1 60.9
Cambrian-S-7B 73.2 50.5 71.1 74.9 72.2 76.2 41.8 80.1 67.5
SpatialDreamer 71.1 48.1 67.8 67.0 65.9 86.4 47.5 37.2 62.2
AVIC 72.7 49.8 65.3 74.8 57.9 81.2 37.9 63.8 66.6

WorldMind (SFT) 73.2 59.5 72.9 74.9 65.3 86.7 50.6 76.2 67.9
WorldMind (SFT+RL) 71.4 62.3 73.2 75.7 66.8 87.1 55.4 77.1 71.1

Table 1: Comparison of task accuracy with the existing methods on the VSI-Bench benchmark.
“Obj.” indicates Objects, “Abs. Dist.” indicates Absolute Distance, “Rel. Dist.” indicates Relative
Distance, “Rel. Dir.” indicates Relative Direction, “Route Plan.” indicates Route Planning, and
“App. Order” indicates Appearance Order.

Model MMSI-Bench MindCube-Tiny

PR. Attr. Mot. MSR All Rot. Ard. Amg. All

LLaVA-NeXT-Video-7B 23.5 30.0 21.3 27.8 25.7 35.7 30.1 43.6 36.5
LLaVA-OneVision-7B 28.0 27.7 26.7 11.6 23.5 36.5 44.1 48.4 43.0
Qwen3-VL-8B-Instruct 33.7 26.2 28.0 29.8 29.4 53.6 38.0 31.1 40.9
VLM-3R-7B 33.0 31.5 32.1 30.3 31.7 36.7 24.5 44.2 35.1
Cambrian-S-7B 29.5 28.4 21.4 24.2 25.9 33.0 39.2 39.0 37.1
Astra (Qwen3-VL-8B-Instruct) 42.3 41.0 32.1 33.6 37.3 60.1 43.5 36.8 46.8
AVIC 31.1 45.4 32.0 28.2 34.2 36.8 40.5 38.4 38.6

WorldMind (SFT) 44.5 44.9 35.6 37.7 40.7 65.2 46.1 48.1 53.1
WorldMind (SFT+RL) 47.7 42.8 40.9 42.2 43.4 71.6 50.3 55.8 59.2

Table 2: Comparison of task success rate with the existing methods on the MMSI-Bench and Mind-
Cube benchmarks. For MMSI-Bench, “PR.” indicates Positional Relationship, “Attr.” indicates
Attribute, “Mot.” indicates Motion, and “MSR” indicates Multi-Step Reasoning. For MindCube,
“Rot.” indicates Rotation, “Ard.” indicates Around, and “Amg.” indicates Among. “All” denotes
the unweighted mean across the reported task categories. Higher is better (↑).

• VLMs with world-model simulation. We further compare with SpatialDreamer 4, AS-
TRA 59 and AVIC 49, which couple VLMs with world models to acquire additional ob-
servations through active visual imagination. Unlike WorldMind, these methods primarily
return synthesized RGB pixel views to the VLM, providing the closest comparison against
WorldMind’s reasoning directly from latent world simulation.

Training Data. WorldMind is trained on a mixed collection of data from multiple sources. Besides
using multiple real-world datasets such as VSI-590K 46, SPAR-234K 51, SpatialMosaic 20, and
SAT-Real 32, we additionally incorporate synthetic datasets, including SAT-Synthesized 32 in AI2-
THOR 19 and Infinibench 31, 38 scenes, for trajectory construction and reinforcement learning, to
provide ground-truth novel views and scene states at the target camera poses in world simulation. For
latent alignment, we sample a total of 40,000 examples across the different real-world data sources.
We then construct 10,000 synthetic reasoning trajectories for supervised fine-tuning using GPT-5.6
Sol as the teacher model. For reinforcement learning, we sample 5,000 questions and allow the SFT-
initialized policy to generate its own on-policy reasoning and simulation trajectories. No samples
from the evaluation splits of the benchmarks reported in the main results are used in training.

Implementation. We use SVC [57] as the frozen world model. The latent features of world model
are projected into the VLM embedding space using a lightweight Transformer adapter, while LoRA
modules are added to the VLM during SFT and reinforcement learning. We extract candidate fea-
tures from four world-model layers and four denoising timesteps, and select the top-8 layer-timestep
pairs offline using feature ablation. The adapter is first aligned for one epoch, followed by 3 epochs
of simulated-trajectory SFT. We then perform GRPO initialized from the SFT checkpoint with 8
rollouts per question. All experiments use BF16 precision.
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4.1 MAIN RESULTS

Tables 1 and 2 summarize the main experiment results on the three spatial benchmarks. Overall,
WorldMind consistently improves over the underlying VLM backbone and remains competitive
with or outperforms specialized spatial-reasoning baselines. In particular, WorldMind (SFT+RL)
achieves an average improvement of 16.0% over the base VLM and 8.3% over the strongest RGB-
based world-model baseline across the evaluated benchmarks.

The gains are especially pronounced on tasks that require reasoning under transformed viewpoints,
multi-step spatial relations, or camera/object motion. This trend is consistent with the design of
WorldMind, which explicitly acquires additional spatial evidence through latent world simulation
rather than relying only on the original observations. By contrast, the improvements are relatively
smaller on tasks that can be solved directly from the visible scene, such as Object Counting and
Object Size, suggesting that the main benefit of WorldMind comes from reasoning about spatial
states that are not explicitly observed.

Comparison with the two WorldMind variants further shows that simulation-trajectory SFT already
provides substantial gains by teaching the model how to interact with the world model and interpret
latent states, while process-verifiable reinforcement learning provides an additional improvement of
4.0%. This indicates that optimizing the policy on its own trajectories helps it select more useful
camera transformations and avoid unreliable or unnecessary simulations.

4.2 ABLATION STUDIES

Method VSI-Bench MMSI-Bench Mindcube

Base VLM 57.4 29.4 40.9
+ Linguistic Scaling 55.9 29.7 40.7
+ RGB Simulation 63.4 33.6 48.4
+ Latent Simulation 65.2 36.2 48.5

Table 3: Ablation of the reasoning interface.

Effect of latent world simulation.
We first isolate the contribution of la-
tent world simulation by comparing
the base VLM using only observed
RGB frames, additional linguistic test-
time reasoning, RGB-based world
simulation, and WorldMind with la-
tent world simulation. As shown in
Tab. 3, linguistic scaling provides only
limited and inconsistent benefits. In contrast, RGB-based world simulation substantially improves
performance across all three benchmarks. Replacing RGB outputs with directly exposed world-
model latents yields further gains, improving the average performance from 48.5 to 50.0 and sup-
porting the benefit of avoiding the latent-to-pixel-to-latent reasoning bottleneck. These results are
from a small-scale experiment and therefore differ from the full-scale results in the main compari-
son.

Selection K Task success rate

Single feature 1 59.8
Random 4 57.8
Full feature bank All 60.3
Ours 8 60.4

Table 4: Ablation of latent feature se-
lection on the VSI-Bench benchmark

Latent feature selection. Tab. 4 examines which
world-model representations are most useful for spatial
reasoning. We conduct a small-scale experiment on VSI-
Bench using partial latent alignment and SFT, without
reinforcement learning. We compare a single layer–
timestep feature, randomly selected features, the com-
plete feature bank, and our offline selected subset. Our
selected features achieve 60.4, compared with 60.3 for
the full feature bank, indicating that a compact subset of
informative representations is sufficient while avoiding redundant or less task-relevant features. In
contrast, randomly selecting four features degrades performance to 57.8, further highlighting the
importance of selecting spatially informative layer–timestep representations rather than indiscrimi-
nately using the complete feature bank.

Reward ∆V caction cstate Success rate

Final answer only – – – 68.1
+ Progress ✓ – – 68.3
+ Action validity ✓ ✓ – 68.9
+ Latent validity ✓ – ✓ 68.0
Full ✓ ✓ ✓ 70.2

Table 5: Ablation of the process reward on VSI-Bench

Reward design. Tab. 5 evaluates
the components of the process-
verifiable reward. Starting from
terminal answer supervision alone,
we progressively introduce rollout-
derived progress ∆Vt, action valid-
ity cactiont , and latent validity clatentt .
Progress supervision provides a mod-

9



est improvement from 68.1 to 68.3,
while additionally incorporating action validity further improves performance to 68.9. Latent va-
lidity alone does not improve over progress supervision, yielding 68.0; however, combining both
validity terms with progress substantially increases performance to 70.2. The full formulation there-
fore performs best, indicating that action and latent validity provide complementary signals and that
useful intermediate progress should be credited only when the intended transformation is success-
fully realized and the resulting world-model latent remains reliable.

5 CONCLUSION

We introduce WorldMind, a framework for test-time spatial reasoning via latent world simulation.
By directly conditioning the VLM on world-model latents, it enables iterative spatial transformation
without costly RGB conversion. Experiments show consistent gains, particularly on viewpoint-
dependent and multi-step reasoning tasks.
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