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Figure 1. Our method generates videos that fulfill instructional spatial tasks while remaining geometrically consistent with the provided
video context. (a) We demonstrate two tasks: video-based object grounding, where the model follows text instructions (the second and
the third row) to navigate and locate a target object (e.g., “a green plant” or “a guitar” ). Navigation paths and final locations are implicitly
planned with diversity by model during generation to achieve the same goal (third row); and scene navigation (top-right), where the model
generates a video that adheres to a specified camera trajectory (denoted by camera logos) and aligns with ground truth videos (green boxes)
(b) Although trained on indoor datasets, our model generalizes well to out-of-domain scenarios, such as an outdoor park. Orange boxes
denote context frames. Blue boxes denote generated frames. Please note that red bounding boxes are generated by the video model itself.
Frames are subsampled for visualization. Project page at https://xizaoqu.github.io/video4spatial.

Abstract

We investigate whether video generative models can ex-
hibit visuospatial intelligence, a capability central to hu-
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man cognition, using only visual data. To this end, we
present VIDEO4SPATIAL, a framework showing that video
diffusion models conditioned solely on video-based scene
context can perform complex spatial tasks. We validate
on two tasks: scene navigation - following camera-pose
instructions while remaining consistent with 3D geometry
of the scene, and object grounding - which requires se-
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mantic localization, instruction following, and planning.
Both tasks use video-only inputs, without auxiliary modal-
ities such as depth or poses. With simple yet effec-
tive design choices in the framework and data curation,
VIDEO4SPATIAL demonstrates strong spatial understand-
ing from video context: it plans navigation and grounds
target objects end-to-end, follows camera-pose instructions
while maintaining spatial consistency, and generalizes to
long contexts and out-of-domain environments. Taken to-
gether, these results advance video generative models to-
ward general visuospatial reasoning.

1. Introduction

Humans excel at remembering, understanding, and act-
ing within spatial environments—a hallmark of high-level
spatial reasoning capability. A long line of research has
sought to endow neural networks with similar capabili-
ties. Recently, rapidly advancing video generative models
[22, 48, 63] have begun to address this challenge, exhibit-
ing general-purpose perceptual and reasoning abilities [74],
echoing the trajectory of Large Language Models [3, 46].
Because video generation is inherently sequential and tem-
porally coherent, these models are particularly well-suited
to visuospatial-related tasks: by rolling out future frames
that preserve scene geometry and appearance, they can sim-
ulate plausible futures. For example, in maze navigation,
a model can “imagine” progress by generating frames that
maintain the maze’s topology while ensuring smooth tran-
sitions [61, 74].

Humans primarily perceive spatial information visually.
We aim to endow models with the same capability by using
video as a simple, general, and scalable modality. How-
ever, learning spatial understanding solely from RGB video
is challenging, and many recent methods still rely on auxil-
iary signals (e.g., depth maps, camera poses, point clouds)
for supervision or augmentation [73, 75, 80, 92, 103]. In
this paper, we present VIDEO4SPATIAL and show that video
generative models that rely solely on video context of a spa-
tial environment can exhibit strong spatial intelligence. Our
framework is intentionally simple: a standard video diffu-
sion architecture trained only with the diffusion objective.
The inputs are a video context (several frames from the
same environment) and instructions; the output is a video
that completes the instructed spatial task while maintaining
scene geometry and temporal coherence.

The core spatial abilities our framework aims to achieve
include (i) implicitly inferring 3D structure [34, 102], (ii)
controlling viewpoint with geometric consistency (scale,
occlusion, layout) [27, 72], (iii) understanding semantic lay-
out [38], (iv) planning toward goals [2], and (v) maintain-
ing long-horizon temporal coherence. We introduce two
tasks to probe these abilities: video-based scene navigation

and object grounding. In scene navigation, the model fol-
lows camera-pose instructions and produces a video whose
trajectory is consistent with both the instructions and the
scene geometry. In object grounding, a text instruction
asks the model to reach and visibly localize a target object,
thereby testing semantic layout understanding and plausi-
ble planning (Fig. 1). Together, the tasks evaluate whether
VIDEO4SPATIAL can infer and act on scene structure using
video alone.

Beyond the base architecture, our central design choice
is how to model conditions on video context. In line with
DiT [50], we process context and target frames through the
same transformer stack, while setting the diffusion timestep
of context frames to ¢ = 0. Inspired by History Guid-
ance [55], we extend classifier-free guidance [28] to video
context, which we find significantly improves contextual
coherence. To reduce redundancy in continuous footage in
context, we subsample non-contiguous frames during train-
ing and inference and apply non-contiguous RoPE [57] over
the corresponding subsampled indices. This index sparsity
also enables extrapolation to much longer contexts at infer-
ence. For visuospatial tasks, we find that explicit reasoning
patterns [20] help task completion; accordingly, we train
the model to predict videos with visual bounding boxes to
strengthen object grounding.

Since no large public datasets are purpose-built for these
spatial task settings, we repurpose indoor scanning datasets-
ScanNet++ [87] and ARKitScenes [7], which provide long
trajectories through diverse rooms and enable sampling of
context—target video clip pairs. We use an off-the-shelf
vision-language model (VLM) [59] to (i) identify clips
that end with a centered object and (ii) generate natural-
language grounding instructions; for navigation, we con-
vert the annotated camera poses into pose-following in-
structions.

Experimental results demonstrate that the proposed
framework effectively addresses challenging visuospatial
tasks. From video context alone, the model acquires scene-
level geometry and semantics, and achieves substantially
strong performance on object grounding and scene navi-
gation. Trained with short contexts, VIDEO4SPATIAL ex-
trapolates at inference to substantially longer temporal win-
dows, further improving performance. Meanwhile, though
being trained on indoor scenes, it generalizes to outdoor en-
vironments and to object categories unseen during training.

In summary, we: (1) introduce VIDEO4SPATIAL, a sim-
ple yet effective video generation framework that relies
solely on video-based scene context to perform visuospatial
tasks; (2) highlight key design choices—joint classifier-free
guidance over context and instruction, auxiliary bounding
boxes as a reasoning prior to improve grounding accuracy,
and non-continuous context sampling for efficient context
understanding; and (3) instantiate and evaluate two spatial



reasoning tasks: scene navigation and object grounding,
which require consistency with 3D geometry and seman-
tic layout without auxiliary modalities (e.g., depth, point
clouds). These results advance video-only spatial reason-
ing, and we hope our work will inspire future research on
leveraging video generation models for visuospatial intelli-
gence.

2. Related Work

Generative Video Models: from Renderer to Reasoner.
Building on advances in diffusion models [10, 50, 56],
video generation has progressed rapidly [11, 25, 35, 47,
64, 71, 90]. Video diffusion models can function as high-
fidelity, controllable renderers, with generation steered by
control signals such as camera control [5, 6, 27, 72, 79],
sketches [70], depth maps [70], trajectories [16, 18, 19, 60,
89], point cloud [51, 92, 93] and human poses [97, 104].
Powered by the rapid growth of web-scale training, video
models [1, 22, 37, 48] have begun to exhibit surprising
world priors [21, 39, 44, 98] beyond visual fidelity, like
physical awareness [44] and reasoning ability [74]. In par-
ticular, Wiedemer et al. [74] demonstrate the potential of
generative video models on reasoning tasks such as maze
solving and robot navigation, marking a transition from
mere rendering to genuine reasoning. Our work focuses on
video model’s visuospatial reasoning capability with visual
context.
Video-to-Video Generation. Beyond generating videos
solely from text or other multimodal controls, video-to-
video generation [43, 68, 69] conditions on an input video
to produce a new video. It has been explored across
tasks such as video editing [42, 49, 83], video outpaint-
ing [12], video super-resolution [66, 81, 101], and camera
control [5, 24, 79]. These settings typically adopt frame-
to-frame transformations, which constrain the output’s con-
tent and duration. A more general paradigm treats the input
video as context while allowing free-form generation, re-
quiring stronger long-range modeling and attention. Recent
efforts in this direction include multi-shot movie genera-
tion [9, 26, 77] and autoregressive video generation [31, 94].
However, how to effectively leverage scene-level video con-
text for spatial tasks remains underexplored.
Visuospatial Intelligence. Visuospatial Intelligence (VSI)
[82] is the ability to perceive [65, 67], represent [36, 45],
and act [2, 15, 73] spatially from visual input. Prior works
can be roughly categorized by output modality. Many stud-
ies probe visuospatial intelligence with vision—language
models (VLMs) [38, 88, 95], where the output is text.
Conditioning language models on visuals alone often falls
short, so several methods add explicit 3D signals (e.g., point
clouds, depth) to the context window [75, 80, 103]. Re-
cent work also brings visual generation into the reasoning
loop and shows promise on spatial tasks [84, 86]. Al-

ternatively, many works study VSI through video gener-
ation [13, 34], where the output is video. For spatially
consistent video generation, some reconstruct external 3D
memories (e.g., point clouds) [40, 76] extracted by 3D vi-
sual foundation models [65, 67]. Other approaches rely
solely on visual input but still require camera-pose anno-
tations [14, 78, 91, 96, 100]. In contrast, we show that con-
ditioning video generative models solely on raw video se-
quences suffices for spatial understanding, enabling an end-
to-end, scalable approach without explicit 3D signals like
depth or pose.

3. Methods

This section formalizes video generation as spatial reason-
ing (Section 3.2) and describes the evaluation tasks (Sec-
tion 3.3) and key design choices (Section 3.4).

3.1. Preliminaries

Video Diffusion Models (VDMs). Diffusion models [29,
54, 56] learn a score function sg(x,t,¢) ~ Vi logp:(x
¢), where p; is the data distribution smoothed by Gaus-
sian noise at level ¢, and ¢ denotes conditioning. At in-
ference, a sample from the standard Gaussian is itera-
tively denoised using sy to recover the data distribution.
VDMs [30] produce high-fidelity, temporally consistent
videos, benefiting from transformer backbones [50, 62] and
latent diffusion [52]. Typical conditioning includes the first
frame [8, 85] and/or a text instruction [30, 64]. History-
conditioned video generation [55] shows that ¢ can include
preceding video frames treated as part of the generation se-
quence inside the transformer. We adopt this architectural
template and extend c to general video context (Section 3.2).
Classifier-Free Guidance (CFG). CFG [28] improves con-
ditional sampling by learning with randomly dropped con-
ditioning (¢ = @) and, at sampling, using

Sg(X,t, @) + UJ(SQ(X,t,C) - Sg(X,t,g)), (1)

where w > 1 is the guidance scale.

Rotary Positional Embeddings (RoPE). RoPE [57] injects
relative spatial-temporal position by rotating queries and
keys, enabling attention by displacement rather than abso-
lute indices. In video diffusion, RoPE improves alignment
across frames and stabilizes motion [63, 99]. In practice, at-
tention heads can be partitioned over spatial/temporal axes
with per-axis frequency scaling to match resolution and clip
length.

3.2. Video Generation Models as Spatial Reasoners

Prior work often frames video generative models as neu-
ral renderers [24, 51], prioritizing visual fidelity while
overlooking the reasoning potential afforded by large-scale
pretraining on web-scale corpora rich in structural spatial
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Figure 2. We frame video diffusion models as spatial reasoners,
treating context and target frames equally in the model architecture
except that context frames are noise-free.

knowledge. We instead cast video generation as spatial
reasoning: given video-only context, the model produces
coherent, goal-directed outcomes following instructions.

Concretely, given a context video X ( frames from the
observed environment) and an instruction g (textual, visual,
or other structured forms), the model synthesizes

Xout ™~ pG(' | Xctxvg) ~ p(' | Xctxag)7 (2)

where py is the model distribution and p the true posterior
over videos consistent with X and g. We implement con-
text condition by concatenating X with the noisy target
frames along the temporal axis (Fig. 2); context frames are
fixed at noise-free (¢ = 0) during training and inference,
while the target frames share the same diffusion noise level.
The instruction tokens (text or structured signals such as
poses) can be injected via cross-attention [63], learned em-
bedding addition [27], or token-wise concatenation [5, 17].

3.3. Solving Spatial Tasks with Videos

We explore video model’s spatial reasoning capability in
realistic environments (homes, offices, factories) using the
following two tasks: object grounding (text instruction) and
scene navigation (pose instruction). Both tasks assess how
well a model can infer 3D structure, maintain contextual
consistency, and generate coherent motion that aligns with a
given instruction. Both tasks use the same format described
in Eq. 2; unless stated otherwise, the first target frame is
also provided as part of X.

Video-based object grounding. Given a context video and
a natural-language instruction specifying a target object,
the model generates a sequence that moves from the initial
viewpoint and ends with the target prominently localized in
the final frame. We evaluate this task through outputs’ 3D
geometric consistency with the context and accuracy to find
the object, details in Sec. 4.1.

Video-based scene navigation. Given a context video
and a sequence of egocentric 6-DoF pose waypoints
{(Aty, Arg) }x (At € R? in meters; Ar as yaw—pitch—roll
in radians), the model synthesizes novel viewpoints along
the specified trajectory (details in Sec.4.3). While related to

Figure 3. Auxiliary bounding box. The model is trained to gen-
erate a bbox (pixel values) located at the target object in the final
frames as an explicit reasoning pattern [20]. This auxiliary output
improves object grounding accuracy.

novel view synthesis, we focus on navigation via continu-
ous video generation without explicit 3D information (e.g.,
camera pose or depth of the context, or reconstructed geom-
etry).

3.4. Key Design Choices

Joint CFG [28]. Inspired by History Guidance [55], we use
the following CFG formulation on the joint conditioning of
instruction g and Xcx:

50(X7 ta Qa ZC[X) + W(SQ(X, tv g, Xctx) - SQ(X; t7 Qa thx))a

where Zex ~ N (0, I) is pure noise. As shown in Table 1,
such joint CFG significantly improves the quality and con-
sistency of the output.

Auxiliary bounding box for object grounding. Injecting
explicit reasoning patterns have been shown to improve lan-
guage models’ capabilities [20]. By exploiting the fact that
video is a flexible medium, for the object grounding task,
we annotate and augment the training videos at the end
with a red bounding box (bbox) centered at the target ob-
ject (Fig. 3). This encourages the model to draw a bbox,
reinforcing the grounding objective, leading to substantially
improved accuracy (Table. 1).

Non-contiguous context sampling. A context video of
contiguous frames exhibits substantial redundancy. To
increase information content while keeping computation
tractable, we train by sampling non-contiguous context
frames from source videos. Crucially, we apply RoPE
to these sparse frames using their original source indices
(Fig. 4). This encourages the model to learn temporal coher-
ence and improves robustness when extrapolating to longer
context lengths at inference.

Additionally, we must also distinguish context frames
from the target frames being generated, especially to pre-
vent information leakage when both are sampled from the
same source video. Therefore, inspired by [58], we set the
RoPE indices for the generated frames to begin after the fi-
nal context frame’s index, separated by a fixed interval of
50. It ensures a clear separation between the context and
the target, and mitigates potential information leakage.

4. Experiments

Implementation Details. We fine-tune the attention



Table 1. Evaluation on video-conditioned object grounding. Spatial Distance (SD) evaluates 3D geometric consistency with the context.
Instruction Following Rate (IF) measures the model’s ability to follow instructions. IF (SD< ¢§) measures the overall ability to ground
the target object while maintaining spatial geometry consistency. Imaging Quality (IQ) and Dynamic Degree (DD) evaluate overall video

quality. We resize all results to the same resolution for evaluation.

Methods ‘ Resolution  # Context  # Generation ‘ SD | IF 1 IF (SD<0.2) + IF (SD<0.1) ‘ Q1 DD 1
GT* | 416x256 161 | 00739 1.0 L0 0.8260 | 0.6539 0.9783
Wan2.2-5B [63] 1280x704 1 121 0.5341  0.9439 0.2242 0.0934 0.6101  0.9277
Veo3 [22] 1280%720 1 192 0.2211  0.9532 0.4599 0.3821 0.7056  0.7487
FramePack [94] 704x544  104+1 180 03672 03 0.1 0.1 0.6315  0.9678
Ours 416x256 336+l 161420 | 0.1099 0.7327 0.6486 0.4941 0.6435  0.9859
Ours w/o pretraining 416x256 336+l 161420 | 04317  0.4990 0.2186 0.1214 0.5845  0.9803
Ours w/ only first frame | 416x256 1 161420 | 0.4053  0.7700 0.2616 0.1084 0.6219  0.9842
Ours w/o CFG 416x256 336+l 161420 | 0.3890  0.4042 0.2031 0.1113 0.5299  0.9985
Ours w/o context CFG | 416x256 336+l 161420 | 0.8294 0.8841 0.0373 0.0112 0.4909  0.9937
Ours w/o auxiliary bbox | 416x256  336+1 161 0.1102  0.6191 0.5401 0.3551 0.6456  0.9883
Ours w/ vanilla RoPE 416x256  336+1 161420 | 02079 0.7383 04719 0.2570 0.6239  0.8906
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Figure 4. RoPE indexing for non-contiguous context. Context
frames(blue) are sampled sparsely to reduce redundancy but retain
their original temporal indices. Target generation frames ( )
are given new indices with a fixed offset.

layers of video generation model Wan2.2 [63] with a
flow-matching objective [41]. We use a le-4 learning rate
and a batch size of 160 and train for 20K steps for ob-
ject grounding and 10K steps for scene navigation. Unless
stated otherwise, we use 337 context frames and generate
161 frames. Conditioning is provided via (i) text instruc-
tions injected through cross-attention or (ii) camera poses
encoded with Pliicker coordinates [53] and added to the
frame tokens. See the supplementary materials for addi-
tional details.

Datasets and Training. Datasets are curated from Scan-
Net++ [87] and ARKitScenes [7]. For object grounding,
we use Qwen3-VL [59] to identify video clips with an ob-
ject centered in the last frame and generate text instructions,
resulting in 400K text-video pairs (Fig. 6). For scene ex-
ploration, we directly use ScanNet++ with 1K videos and
camera pose annotations and randomly sample short clips
for training. For both tasks, we evaluate on randomly se-
lected 18 scenes from ScanNet++ that are not included in
the training set.

4.1. Video-based Object Grounding

Prior spatial-consistency metrics typically focus on
static-background consistency [32] or on the geometric con-
sistency of generated videos [4]; and to our knowledge,
there are no simliar setting on object grounding as ours.

Accordingly, we propose two metrics tailored to this task.
Spatial Distance (SD). SD measures whether the gener-
ated scene is contained in the ground-truth(GT) point cloud
and is an effective measure against out-of-context halluci-
nation. We use VGGT [65] to reconstruct a point cloud
peen = (P}, 7 from each generated video, where P
is the point cloud of frame ¢ € Z. We calculate the maxi-
mum per-frame one-sided Chamfer distance of P#" to the
ground-truth point cloud P as:

d(PE", P¥) = max 1 Z

i — 3
it |P§en| A min HI yH27 ( )

en yep
and we report the mean of d over the test set. We use the
maximum to penalize severe single-frame geometric incon-
sistencies, which we regard as critical failures for naviga-
tion. Figure 7 shows that the point cloud reconstructed from
VGGT using generated frames from our method align well
with the ground-truth point cloud.
Instruction Following (IF). To measure if the model is ca-
pable of navigating and locating the target object, we de-
fine IF score: for a total of N generated videos, we use
Qwen3-VL to check if the last frame of each video k € [V]
contains an object matching the target category, and if so,
we further prompt Qwen3-VL to output bbox parameters
(zk, Yk, Wi, Hy) for that object. We consider the ground-
ing successful if

ltp —2*| < 3 Wi and |y, —y*| < 3 Hy,
where (z*,y*) is the center of the frame, and +y is a toler-
ance ratio we set to 0.6. The IF score is then defined to be
the success rate of grounding across N videos.

Since there might be scenarios where the object gets hal-
lucinated in close to the final frames, achieving high IF
score becomes meaningless if SD is high. To evaluate spa-
tial consistency and grounding jointly, we also propose SD-
thresholded IF, denoted IF(SD < §), which we calculate
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Figure 5. Qualitative comparison across methods. The instruction is: “The camera moves smoothly through a bedroom. Finally, it
focuses on a bag on top of the dresser in the center of the frame.” Our method faithfully grounds the object present in the context, whereas
other methods hallucinate the target object. Notably, the path to locate the target from our generated result is different from the GT. For the
best experience, see the supplementary videos.

e o
o~ . u( -.-01 ’ &
- UG " (81" )R I'$ .
f g M0--"880) T8/, 1 1'%
| /70, #5968 102#, +& 2385 B
—  /123)/45,,-(24,) 1'% .
| HEHT R23i123+85 1'$
1H3028, B2, H ()T [
I8 # . 1 == - /0121"#3 == -
—$.$+."%/4+("1,42".38 S TL%"* /8% . $C &( W) * . $C &( W) *

U'#$%" $ (O $*+8, %45+.4"*4. 3516"* 7016879 850, .8)+. 0
15908 () >+, 8% +8-). . /0/+(§1*+(/2(5.0" 3 /5+43&/08. *08)+./0/+1/
Figure 6. Object grounding data collection pipeline.
HC =01

TG Bebi] R

2 - . ' =3 1 ’
I " s
149068 " &(" )&+ (", &- ' ——,— /0121"#3 —o— -

! 1"#
Y T, Y T,
LRHDO&™ )+, §%+8-) .. L0/ +(S1*+(/2(8.0" 3 /$+438/08. %05(0")+)+5

Figure 8. Ablations on condition frame numbers for training
and inference. In the inference ablation (a), we fix the training
number at 169; in the training ablation (b), we fix the inference
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Figure 7. Visualization of Spatial Distance. We use generated from the 18 wvalidation scene in the form of:
frames (a) to reconstruct the point cloud (b), which is compared “The camera moves across <SCENE
with the GT point cloud (c): Reconstructed point cloud (blue) is DESCRIPTION>. Finally, it focuses on
mostly overlapped with the GT point cloud, indicating our gen- <OBJECT DESCRIPTION> in the center of

erated frames are spatially consistent. Distance between point the frame.” Table | reports results for our method

clouds are used to measure the spatial consistency quantitatively. alongside Wan2.2-5B [63], Veo3 [22] as SOTA open and
closed-source image-to-video model, and FramePack [94]
due to its capability to handle long context input. Since
those methods use different video-conditioned settings,
generation resolutions and the numbers of generated

among videos of which SD is less than §. By default we
evaluate using 0 = 0.2 and 6 = 0.1

Additionally, we report VBench Imaging Quality (IQ) frames, we enumerate configuration differences in Table 1
and Dynamic Degree (DD) [32] to assess frame-wise qual- for reference. Notably, Wan2.2-5B [63] and Veo3 [22] only
ity and motion dynamics as complementary metrics. support single image input; thus, the context frame count

We evaluate object grounding on 107 prompts is 1. For FramePack [94], we adopt its default setting of
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Figure 9. Visualization for ablations on condition frame number, CFG, and auxiliary bbox. The instruction is “The camera moves
through an office space. Finally, it focuses on a monitor in the center of the frame.” For the best experience, see the supplementary videos.

105 context frames. Our default setting uses 337 context
frames (including the first frame of the target video) of the
generated video as context frames. By default, we generate
161 frames; when generating auxiliary bounding boxes at
the video end, we add 20 frames (161+20). For reference,
we also report the same metrics on ground-truth (GT)
videos for these 18 scenes.

We present quantitative results in Table | and qualita-
tive examples in Fig. 5. Our evaluation shows that though
Wan2.2 [63] and Veo3 [22] exhibit strong instruction fol-
lowing capability, their generation is often hallucinatory:
without video conditioning, their SD and IF(SD< §) de-
grade markedly. FramePack [94] conditions on history
frames, yet still hallucinates due to heavily compressed con-
text tokens that discard critical spatial cues. In contrast,
our method delivers faithful grounding while preserving
scene consistency: our SD approaches that of GT, indicat-
ing strong geometric alignment, and we achieve competitive
1Q alongside high motion dynamics on DD.

4.2. Ablations on Object Grounding

We further ablate several key design choices. The main re-
sults are in in the bottom part of Table | and Fig. 8 and 9.
Context frame length. Context length is a key factor for
both training and inference. Our default uses 169 frames
(43 latent frames) for training and 337 frames (85 latent
frames) for inference. As shown in Table 1, using only the
first frame without other context yields a much higher SD
(0.4043) than using context (0.1099), indicating substan-
tially greater inconsistency relative to the contextual envi-
ronment. Conversely, IF improves with only the first frame
because generation is no longer constrained and may hallu-
cinate the target object for grounding.

To determine the optimal context length, we conduct ab-
lations study shown in Fig. 8. In (a), we train with 169 con-
text frames and vary inference from 1-337 frames. Both SD
and IF (SD< 0.2) improves monotonically as the context

frame number increases. Interestingly, IF first decreases,
then rises, and finally saturates. With insufficient context,
the model tends to hallucinate, producing poor spatial con-
sistency (higher SD) but faked grounding (higher IF). As
more context frames are provided, generation becomes con-
strained; IF initially drops when the model is constrained
yet lacks sufficient evidence for grounding, then increases
once context is rich enough to support accurate scene un-
derstanding.

In (b), we vary the training context from 1-337 frames
while fixing inference at 337 frames. All models share iden-
tical settings and sampling steps, differing only in training
context frame length. Increasing training context gener-
ally improves spatial consistency (lower SD), whereas IF
(SD< 0.2) first increases, then declines, with a pronounced
drop at 337 frames. We hypothesize that excessive training
context biases the model toward adhering to visual context
at the expense of following text instructions. Training with
169 context frames provides a strong balance.

Notably, models trained with shorter context frames
(e.g., 169) generalize well to longer inference context
frames (e.g., 337).

Auxiliary bounding box. Auxiliary bbox design plays a
significant role in improving grounding accuracy. As shown
in Table 1, training the model to predict the target object’s
bbox raises IF(SD< 0.2) from 0.5401 to 0.6486. In Fig. 9
we show example output with and without auxiliary bbox:
for the “monitor” target, prediction without the bbox leads
the model to drift to irrelevant objects, whereas providing
the bbox performs correct grounding of the monitor.

CFG. As shown in Table 1, with no CFG (pure conditional
generation), both SD and IF(SD< §) degrade markedly. If
we retain text CFG but remove context CFG, the model
tends to hallucinate without enforcing contextual consis-
tency: IF appears high, but SD and IF(SD< §) are signifi-
cantly worse.

Non-continuous RoPE for non-contiguous context. We
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Figure 10. Qualitative results on scene navigation of a bedroom(left) and a kitchen(right). Our method delivers the highest perceptual
quality and good camera controllability. Please refer to the supplementary videos for clearer visual comparisons.

find that non-continuous RoPE helps the model reason over
non-contiguous context. As shown in Table [, using vanilla
(continuous) RoPE over non-contiguous context substan-
tially worsens SD and IF (SD< §), indicating poorer spatial
understanding of the contextual environment.

Pretraining. Pretraining confers clear benefits; without it
(i.e., training from scratch), SD, IF, IF(SD< §), and 1Q de-
grade markedly (Fig. 1).

4.3. Video-based Scene Navigation

For scene navigation, we report PSNR, LPIPS and IQ for
generation fidelity and adherence to the requested camera
trajectory.

We evaluate video-based scene navigation on 18 Scan-
Net++ [87] scenes, each with 5 camera trajectories (90
cases in total). By default, we condition on 337 context
frames (85 latent) and generate 161 output frames (41 la-
tent). We compare against the feed-forward 3D reconstruc-
tion method AnySplat [33] and the video generation model
Gen3C [51] and TrajectoryCrafter [92]. Notably, all these
methods rely on external estimators (e.g., VGGT [65]) for
extra 3D information. For our method, it only take context
frames and no 3D information is needed. See the supple-
mentary material for detailed settings.

In Table 2, we report comparative results. Because
PSNR and LPIPS emphasize structural similarity, AnyS-
plat [33] attains the highest scores on these metrics,
though with significant artifacts it acheive lower percep-
tual IQ score. Our method delivers competitive PSNR and
LPIPS while achieving substantially better 1Q. Moreover,
we outperform the video-based Gen3C [51] and Trajecto-
ryCrafter [92] across all metrics; unlike these video-based
methods, which heavily depends on external estimators, our
approach achieves strong end-to-end performance. Fig. 10
further visualizes the results: although AnySplat achieves
high PSNR, it exhibits noticeable artifacts, whereas our
outputs are visually cleaner but not perfectly aligned with
GT. We futher supply qualitative results for visualization in
Fig. 10

Table 2. Evaluation on video-conditioned scene navigation.
“3D info.” indicates explicit 3D information required for each
method. Our method does not need any explicit 3D information.

Method 3D info. PSNRT LPIPS]| 1IQ7T
3D reconstruction
AnySplat [33] Cam. pose 16.40 0.4402  0.4568

Video generation

TrajectoryCrafter [92] ~ Cam. pose, depth 13.56 0.4920  0.5630

Gen3C [51] Cam. pose, depth 12.76 0.5695  0.3628
Ours - 14.27 0.4674  0.6320
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Figure 11. Out-of-domain result. Our models can generalize to
OOD scenarios like outdoor scenes and new categories, perform-
ing object grounding and scene navigation.

4.4. Out-of-domain generalization.

Although trained on only indoor scenes, our model gener-
alizes well to out-of-domain environments for both tasks.
In Fig. 11, we show results on a real-captured outdoor
park: the model reliably grounds object categories that were
rarely encountered during indoor training (e.g., trees), and
supports free-form navigation, including 360° rotations.



5. Conclusions and Future Work

We introduced VIDEO4SPATIAL, a video-only framework
that probes visuospatial intelligence in generative models
by conditioning solely on scene context. Across scene nav-
igation and object grounding, VIDEO4SPATIAL executes
geometry-consistent camera trajectories and good target
grounding, while generalizing to long contexts and out-of-
domain environments.

Looking ahead, we note several limitations and avenues
for future work. Our current approach operates at a modest
416 x 256 resolution due to the absence of context com-
pression (e.g., [23, 96]), which we identify as a key lever
for improving visual fidelity at higher resolutions. In addi-
tion, stronger temporal modeling, targeted data augmenta-
tion, and improved grounding objectives could mitigate arti-
facts such as temporal discontinuities and incorrect ground-
ing on long-tail categories. Finally, extending this frame-
work beyond static scenes to complex, dynamic environ-
ments and a broader range of tasks is an exciting direction.



6. Suppplementary Materials
6.1. More Qualitative Results

It is highly recommended to refer to the webpage for visu-
alization.

6.2. Implementation Details.

Data Curation. We sample frames from ScanNet++ [87]
and ARKitScenes [7] at an interval of three to reduce tem-
poral redundancy. To curate datasets for object grounding,
for each sampled frame, we use Qwen3-VL [59] to perform
object grounding with the following prompt template:

Object Grounding Prompt Template

You are a helpful assistant. Identify ALL objects
that belong to these categories: YOUR_CATEGORY.
Requirements:

1. Return ALL instances of objects from these cate-
gories (can be multiple).

2. Each object must be CLEARLY VISIBLE with
SHARP, DISTINCT boundaries (not blurry or pix-
elated).

3. If the image is blurry, low quality, or no clear ob-
jects exist, return an empty array: [].

4. Format: [”label”: “DETECTED_CATEGORY”,
“box”: [x1, y1, x2, y2], ...]

We then filter detections using a center-region threshold
(center ratio) and select the instance closest to the image
center as the grounding target. For each clip, we take a
frame where the target is centered as the final frame and ex-
tract the preceding 161 frames (inclusive) to form the target
video clip. We also use Qwen3-VL to caption the clip with
the following prompt:

Video Caption Prompt Template

You are a helpful assistant. Describe a video se-
quence in which the camera moves through the en-
vironment and, at the end, a {centered_object_label }
appears centered in the frame. Use simple sen-
tences. Do NOT use complex grammar. Good ex-
ample: “The camera moves through a room. It pans
left and right. At the end, a {centered_object_label}
is centered in the frame.” Bad example: “The cam-
era pans around, revealing various objects and even-
tually discovering a {centered_object_label} posi-
tioned in the center, where it comes to rest in the
frame.” Provide a concise description in 1-2 simple
sentences.

Training with context. During training, we sample both
context frames and target generation frames from source

videos. Target clips are 161 frames long. Context frames
are randomly drawn but always in contiguous groups of
four to satisfy the Wan2.2 [63] VAE encoder. For efficiency,
we pre-encode frames into latents during preprocessing and
sample latents directly, yielding roughly 2x faster training.
A key consideration is ensuring sufficient overlap between
context and target frames so the model can learn geomet-
ric consistency. ScanNet++ sequences are long with ample
overlap, so we sample context and targets from the same
clip. ARKitScenes sequences are shorter with less view
overlap but include multiple videos per environment; there-
fore, we sample context and targets from different videos
within the same environment.

Spatial Distance. To measure the distance between
the point cloud reconstructed by VGGT [65] and the
ground-truth point cloud, we first register the two coordi-
nate frames. ScanNet++ [87] provides frames with cali-
brated camera poses and depth maps. When reconstruct-
ing point clouds from generated videos, we append 40
ground-truth frames as anchors and use the estimated point
clouds of these anchors to perform registration. After align-
ment, we compute the point-cloud distance.

6.3. Benchmark setting.

Since it is not feasible to make the setting for different meth-
ods perfectly fair, we list the detailed setting for each meth-
ods for reference.

Wan2.2-5B [63]. We generate 121-frame videos at a reso-
lution of 1280 x 704. The model takes the first frame and
a text instruction as input, utilizing 50 inference steps and a
classifier-free guidance scale of 5.0.

Veo 3 [22]. We utilize the Veo 3 image to video model via
its official API, generating videos at 1280 x 720 with 192
frames.

FramePack [94]. We employ FramePack to generate
videos at a resolution of 704 x 544. The inference process
utilizes 50 sampling steps with a classifier-free guidance
scale of 3.0. The model is conditioned on a context window
of 105 frames, which are encoded into a multi-scale latent
representation comprising 16 latent frames at 4x compres-
sion, 2 latent frames at 2x compression, and 9 latent frames
at 1x compression.

Anysplat [33]. We employ Anysplat for 3D reconstruction
and rendering for video outputs. The model utilizes 84 con-
text frames along with the first frame serving as an anchor
for reconstruction, which correspond to 84 latent frames
plus the first frame for the video generation setting. We
estimate camera poses using VGGT [65] and use them for
coordinate regularization.

Gen3C [51]. We follow the official implementation of
Gen3C and its instruction on Multiview Images Input. First,
we run VGGT [65] to get the depth information, camera in-
trinsics, and extrinsics of the context frame. We also include
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Figure 14. Ablation on different CFG weights .

the first frame of the generation as the first context frame.
During the VGGT inference, we include context frames and
ground truth frames as a single run to get the camera poses
of the ground truth. During the Gen3C inference, we use the
camera poses of ground truth as camera control. We input
85 context frames and output 121 frames, all at resolution
576x320.

TrajectoryCrafter [92]. We use the same preprocessing
algorithm as Gen3C, i.e. VGGT, to get the point cloud from
85 context frames and camera pose control from 121 ground
truth frames, all in one pass to make sure they are in the
same corodinate system. Then we project the point cloud
based on ground truth camera and get masks. Since the

model is trained to generate 49 frames, we run three infer-
ences to get the complete output.

6.4. Experiments.

Repeat time. Consistent with prior findings that Veo3 [22]
improves with more repeats [74], we observe the same
trend. For object grounding, we compute IF (SD< 0.2)
across repeated runs and deem a case successful if any re-
peat succeeds. As shown in Fig. 13, increasing the number
of repeats from 1 to 5 raises IF (SD< 0.2), indicating that
repeated sampling substantially boosts performance.

CFG strength. We investigate the impact of different CFG
scales in Fig. 14. While a weight of 1 (no CFG) yields sub-
optimal results, performance improves significantly once
the scale reaches a sufficient level (e.g., 3) and remains ro-
bust across a wide range (e.g., 3—7). This suggests that the
use of CFG itself is more critical than fine-tuning the exact
weight.

Non-continuous context sampling. We investigate the
effectiveness of non-continuous context sampling during
training, as shown in Table 3. Our results demonstrate that
non-continuous sampling significantly improves geometric
consistency with the context and achieves highly faithful
grounding. We hypothesize that this improvement stems
from the model developing a more robust spatial under-
standing through such diverse and non-continuous context
modeling.

Random zero camera pose. Existing camera control meth-
ods typically normalize the camera pose of the first frame to
zero during both training and inference. We find that, par-
ticularly with limited datasets, fixing the first frame to the
origin restricts spatial exploration, thereby limiting general-
ization in complex scenarios such as 360° rotations. To ad-



Table 3. Ablation on context sampling.

SDJ IFt  IF(SD< 0.2)t

Non-continuous  0.1099  0.7327 0.6486
Continuous 0.3246  0.8497 0.4600

dress this, we propose randomly selecting a reference frame
to serve as the zero pose, which effectively alleviates this is-
sue and improves generalization.

Computational analysis. Although our model processes
relatively long contexts (default 337 frames) and generates
extended sequences (default 181 frames), we maintain com-
putational costs within an acceptable range. Inference re-
quires approximately 34GB of VRAM and takes 2 minutes
on a single A100 GPU using CFG and 50 denoising steps,
without optimizations such as VAE slicing, tiling, or dy-
namic model loading [94]. This efficiency stems primar-
ily from two factors: (1) the use of a moderate resolution
(416 x 256), which we find sufficient for high visual qual-
ity and experimental validation; and (2) the Wan2.2 VAE,
which achieves high spatial and temporal compression ra-
tios while preserving visual fidelity.

Failure cases. Our method still suffers from artifacts
such as temporal discontinuities (Fig. 12(a)) and incorrect
grounding (Fig. 12(b)) for some cases.
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