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Abstract

Multimodal Large Language Models (MLLMs) now dominate general vision-language tasks,
yet robust spatial reasoning remains challenging and is crucial for visual intelligence. To
solve 3D question answering (3DQA), a basic task for spatial understanding, recent work
has built 3D-aware Video Large Language Models (VideoLLMs) via 3D input enhancement;
however, flawed benchmarks leave their true 3D awareness unclear. We therefore evaluate
3D-aware VideoLLMs on the high-quality Beacon3D benchmark and probe whether pure
video-language training without 3D data induces intrinsic 3D awareness using feature probes
and attention analyses. We reveal several key findings. (i) 3D-aware VideoLLMs show limited
generalization, indicating that injected 3D information rarely yields robust 3D awareness, except
under reconstruction-based vision supervision. (ii) Video-language training induces cross-
frame, distributed spatial modeling that strengthens 3D awareness, and spatial mid-training
can further boost performance by compensating for missing cross-view, richly annotated spatial
supervision, reaching SOTA zero-shot results on Beacon3D. (iii) Spatial invariance, the ability to
maintain robust spatial understanding regardless of view order, is a vital but overlooked facet
of 3D awareness in VideoLLMs. Architectural and training biases make VideoLLMs sensitive to

frame order, and simple frame-shuffle augmentation during training only partially mitigates
this.

Performance Dro 3D Variants of VideoLLM

Vision supervision what is direction
of wall cabinet
closest to the
microwave?

eeeeeee

rec
VideoLLM

ooooooo —— Cross-frame attention Cross-model attention across frames

formance Drop
on Beacon: 3D
Ross-3D |
GS- 3D feature fusion
Reasoner

E Enhanced distributed cross-frame spatial modeling through E
IO - pure video-language training ﬂ
=]
o e Video-Language training «
o= E
Video-3p- LTI > Short of | . T —
o
3D coordinates ort of language supervision eak Spatial invariance
LLaVA-Video-178K
K. - 1. Cross-frame spatial
il 7 modeling is limited o !
5 4 |
1 8 5 2 2. Rich spatial e ] 1 =]
relational annotation e board
Object m Case Spatial ~ Ohters is limited

Figure 1 | Left. Most 3D-augmented VideoLLMs fail to generalize on the high-quality Beacon3D
benchmark ( )- Right. video-language training strengthens distributed cross-
frame modeling, yielding 3D awareness without explicit 3D data.




1. Introduction

Spatial understanding ( ); ( ); ( );

( ); ( ); ( ) is a foundational competency for intelligent

systems operating in the physical world, yet reliably bridging spatial perception with language-

based reasoning remains challenging. A basic task of spatial understanding is 3D question

answering (3D-QA): the model must understand a 3D scene and answer relational questions

in natural language ( ); ( ); ( ). Earlier 3D-QA

systems were limited by their language backbones ( ) (2024);

( , ). Later 3D-LLM approaches fuse 3D features with stronger LLMs ( )
(2024, ), but the cost of well-curated 3D data makes scaling and alignment to

language backbones harder than in 2D ( )-

Against this backdrop, Video-LLMs ( ) enable spatial understanding
without explicit 3D inputs. Recent work inject 3D awareness to VideoLLM via 3D positional
encodings ( ); ( ), geometry-aware feature fusion
( ); ( ), or 3D-aware vision supervision ( ), reporting steady
gains. However, commonly used benchmarks contain substantial flawed content
( ), which undermines the validity of reported improvements, leading to the first question:
To what extent do the reported gains reflect robust spatial intelligence of 3D-aware VideoLLM?

To answer the question, we select Beacon3D ( ), an open-ended spatial
understanding benchmark with verified and unique answers, to probe the 3D awareness of
3D-aware VideoLLM in a zero-shot manner. To the best of our knowledge, we present the first
systematic evaluation of 3D-aware Video-LLMs on Beacon3D, which is originally designed
for 3D-LLMs with explicit 3D inputs. As shown in Figure 1, zero-shot probing reveals that all
3D-aware VideoLLMs lag behind LLaVA-Video ( ) on in-domain scenes with
novel QA and on out-of-domain scene splits, with up to a 10% overall performance drop on
Beacon3D. Meanwhile, we also find that reconstruction-based vision supervision effectively
regularizes training and improves the generalization of spatial understanding.

Despite extensive efforts, explicitly integrating 3D awareness into VideoLLMs has not yielded
robust 3D understanding and still depends heavily on explicit 3D inputs ( )
( ); ( ); ( ); ( ). This motivates our
second question: Is it possible for VideoLLM to directly acquire better spatial modeling and 3D awareness
through pure video training? Holding the architecture and the pre-training stage fixed, we compare
two representative systems, LLaVA-OneVision-SI ( ) and LLaVA-Video
( ), where LLaVA-OneVision-Sl is trained with purely image-language supervision, and
LLaVA-Video is initialized from it and further trained on video data. We probe the emergence of
3D awareness along three axes: (i) Vision encoder: apply established probing protocols
( ) to measure 3D awareness before and after video training. (ii) LLM reasoning: use
attention knockout and weight analyses to reveal cross-frame spatial modeling inside the LLM.
(iii) Data supervision: analyze composition of video-language training data to identify the
sources of spatial supervision. Our analysis unveil that video training preserves a broadly
similar vision feature space, but develops more distributed cross-view modeling in early LLM
layers, aggregating information more uniformly across frames and performing critical global
spatial composition within the first 6 layers. From a data perspective, we find a non-trivial
yet insufficient proportion of spatially supervised samples, which helps explain the large out-
of-domain drop when SFT relies on simple QA data, suggesting that spatial understanding, a
foundational capability to be acquired during pretraining, remains limited due to absence of
dense spatial supervision.



Table 1 | Summary of 3D-aware Video-LLM selection, configurations, and comparison. Here
ScanNet-223K refer to the combination of 5 ScanNet-based training set from ScanQA

( ), SQA3D ( ), Scan2Cap ( ), ScanRefer ( )
and Mutli3DRefer ( ). TAll list models are initialized from LLaVA-Video, except
for LLaVA-3D, which only open-sourced checkpoint based on LLaVA-1.5 ( )
Model |3D Input | Training Data | Trainable Parameters
tLLaVA-3D ( ) 3D embedding LLaVA-3D-Instruct-1M 3D embed., VL-proj., LLM
Video-3D-LLM ( )| 3D coordinates ScanNet-223K Vision enc., VL-proj., LLM
Ross-3D ( ) 3D coordinates ScanNet-223K Projector, LLM
VLM-3R ( ) CUT3R ( ) feat. fusion | VSTI-138K Spatial fusion mod., VL-proj., LLM
3D-RS ( ) VGGT ( ) feat. superv. | ScanNet-223K Vision enc., VL-proj., LLM
GS-Reasoner ( ) PTv3 ( ) feat. fusion GCoT-156K, ScanNet-223K | Spatial fusion mod., VL-proj., LLM

Guided by the above observation, we apply a simple yet effective training strategy: continue
mid-training of VideoLLMs on spatially enriched captions. Concretely, we curate Scan2Cap-
Video-36K from Scan2Cap ( ), transforming visual grounding samples into
spatially enriched mid-training caption data through visual prompting, projecting 3D boxes
into videos. With 36K mid-training samples, our model improves zero-shot performance on
Beacon3D by 1.25% on case accuracy and 3.06% on object accuracy, achieving state-of-the-art
performance through pure video training, meanwhile reaching higher object-consistency.

While mid-training strengthens spatial reasoning, we uncover a complementary weakness:
spatial variance. For a fixed scene and question, response of VideoLLM should be invariant
to permutations of frame order ( ); ( ); ( ). We
formalize an invariance metric Correct Difference Ratio (CDR) to quantify the spatial invariance,
and observe degrading spatial invariance after video-language training. We ease the weaken
spatial invariance brought by fixed order training by apply a minimal augmentation: randomly
shuffling frame order during training for spatial understanding samples irrelevant to temporal
order. This reduces variance and yields VideoLLM with stronger spatial invariance.

Our contributions are summarized as follows:

* We diagnose via Beacon3D that current 3D-aware VideoLLMs overfit flawed benchmarks
and generalize poorly in spatial understanding outside biased training data, lacking robust
spatial understanding capability.

* We show that pure video training induces 3D awareness via distributed cross-view model-
ing under spatially relevant language supervision, from which we advocate mid-training
with spatially enriched captions based on introduced Scan2Cap-Video-36K, achieving
state-of-the-art results on Beacon3D without 3D input.

* We identify the spatial variance issue in video training and propose a lightweight data
augmentation through random frame shuffling for spatial invariance examples.

2. Related Work

Spatial Understanding Benchmark. Initial work on 3D vision-language problems spanning

visual grounding ( ) ( ); ( ), caption-

ing ( ), and question answering ( ); ( );

( ); ( ) laid the groundwork for evaluation by casting them as 3D counterparts

to well developed 2D vision-language tasks ( ) ( )
( ) ( ). As large language models advanced rapidly



( ), a line of studies ( ) ( ); ( ) ( )
(2024, 2023); (2025); (2025); (2024);

( ) combined 3D encoders with LLMs to push progress on 3D vision-language tasks. In
contrast to the swift expansion of 2D benchmarks that has kept pace with large vision-language
models ( ); ( ); (2023); ( );

( ); ( ); ( ); ( ), the maturation of
stronger 3D benchmarks remains behind. Several efforts ( );
( ); ( ); ( ) extend weaknesses of 3D vision-language evaluation
in existing datasets, including hallucination, brittleness under distribution shifts, and language
biases ( ) ( ) ( ) ( ). In parallel,
additional benchmarks ( ) have been proposed to assess spatial understanding
from a video perspective. However, most recent spatially aware multimodal LLMs still report
on benchmarks such as ScanQA ( ) and SQA3D ( ), which have
been shown to contain flawed content ( ), casting doubt on the reported
improvements in spatial capability.

VideoLLM for Spatial Understanding. With the rapid progress of VideoLLMs ( )
( ); ( ); ( , ), recent work treats video as a variety
of multi-view observations of a scene ( ) and builds 3D-aware VideoLLMs that
inherit generalization from large-scale video-language training. Video-3D-LLM
( ) and LLaVA-3D ( ) inject explicit 3D coordinates via positional encodings
or coordinate projection into embedding space. ROSS3D ( ) adds reconstruction-
based supervision for global spatial modeling. VLM-3R ( ), GS-reasoner
( ), spatial-MLLM ( ), and VG-LLM ( ) fuse features from
pretrained 3D encoders with video features, and 3DRS ( ) supervises using
geometry encoder features ( ). Despite these advances, weaknesses in common
benchmarks cast doubt on whether the reported gains reflect robust spatial reasoning, and most
methods still depend on explicit 3D inputs, which limits scalability when only pure video data
are available.

Interpretability of Vision and Language Model. Several studies propose probing protocols to

assess the 3D awareness of vision encoders ( ); ( );

(020); (2024); (020); ( ); (2024). As
MLLM models develop, analysis methods such as attention knockout ( ) and
attention mechanism analysis ( ); ( ) from the NLP community are
used to study how MLLM processes information. Most of these analysis targets image-based
MLLMs ( ) and remains limited for VideoLLMs. Recent work on video language
modeling ( ) ( ) makes progress on general capabilities but

lacking a focus on spatial awareness from a video perspective.

3. Probing 3D-aware VideoLLM

3.1. Preliminaries

For 3D QA with VideoLLM, let V denote a video of a static scene and ¥ = { fi}fi , be N uniformly
sampled RGB frames from V. VideoLLM ;4 comprises a vision encoder m,, a projector =, a
tokenizer 7;, and a language model 7,. Given a spatial-relevant question Q, the model encodes
video tokens f, = 7, (7, (F)) and text tokens f; = 7,(Q), then generates the answer A = ¢ (f,, fy)-



Table 2 | The performance of 3D-aware VideoLLM on Beacon3d

The base model LLaVA-Video

( ) benchmark.
( ) beat all the 3D-aware variant in overall

performance except Ross3D ( ), indicating the weakness on spatial modeling
for 3D aware VideoLLM.
Model | ScanNet | MultiScan | 3RScan | Overall

‘ case obj. ‘ case obj. ‘ case obj. ‘ case obj.
LLaVA-Video ( ) |67.19 29.87|53.88 13.21|59.28 18.75| 61.96 22.92
LLaVA-3D ( ) 57.55 17.66 |41.98 9.43 |52.63 9.56 |52.88)91 13.36)94
Video-3D-LLM ( )|59.76 19.48 |40.51 6.29 |52.45 11.76 |53.57 34 14.34|55
VLM-3R (2075) 6249 2442|4114 566 [5248 9.19 549970 15.69,7,
GS-Reasoner ( 68.46 32.99|40.88 5.66 |52.36 12.87|57.7214> 20.96|5)
3DRS ( ) 60.84 19.48|39.73 5.00 [51.10 6.60 |53.4855 12.38)105
ROSS3D ( ) 67.38 31.43 |54.04 15.09 |58.36 16.18 | 61.77 9> 23.16102
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Figure 2 | Biased output distribution of LLaVA-Video on measurement estimation task from
VSI-Bench ( ).

3.2. Model and Task Selection

3D-aware VideoLLM. To inject 3D awareness into VideoLLM, two strategies are commonly
adopted. (i) Explicit 3D inputs: A 3D encoder 73p consumes geometric signals Sge, such as 3D
coordinates ( ), coordinate-based positional encodings ( ), or fea-
tures from a geometry encoder ( ); ( ), and outputs f3p = 73p(Sgeo)-
A fusion module n¢ forms f, = n¢(f,, f3p), and the language model then generates the final
answer from the enhanced representation: A = 7¢(f,, f;). (ii) 3D aware vision supervision: the
inference architecture remains unchanged, while during training, geometry-informed auxiliary
training objectives are obtained through either self-construction loss ( ) or
feature alignment ( )- To conduct a fair and thorough comparison of the 3D-
aware VideoLLM, we select LLaVA-Video-7B ( ) as the base VideoLLM since
it serves as the initial model for most existing 3D-aware VideoLLMs. For 3D-aware variants,
LLaVA-3D ( ), Video-3D-LLM ( ), VLM-3R ( )
and GS-reasoner ( ) mainly utilize the first strategy, while ROSS3D

( ) and 3DRS ( ) belong to the second category. We exclude models like
spatial-MLLM ( ) and VG-LLM ( ) due to limited open-source
and different base models. Detailed configuration of models are listed in Table 1.

Task Selection. For the probing task type, we prioritize relative spatial relations over measure-
ment estimation.Measurement estimation requires fine-grained spatial understanding, which
sits at odds with the high-level, abstract language space, making it a particularly challenging
spatial task for current VideoLLMs. We can tell from the figure 2 that LLaVA-Video

( ) is generating language-biased answer instead of a diverse and fine-grained abso-



Table 3 | The performance gap between MCQA and open-ended format question on relative
distance and relative direction subset on VSI-bench ( ). A denotes the Direct
Difference, CDR denotes the Correct Difference Ratio.

M ‘ Relative Distance ‘ Relative Direction
odel

|MCQA OEQA| A CDR|MCQA OEQA| A CDR
LLaVA-Video ( ) 41.54 31.26 [10.28 3450 | 41.43 44.81 |3.38 40.80
ROSS3D ( ) 41.05 3871 | 234 31.83| 34.82 36.88 |2.06 28.62
Video-3D-LLM ( )| 27.85 29.17 | 1.32 1648 | 3427 2547 |8.80 27.07

lute measurement. Measurement estimation requires large-scale training to acquire as a base
capability ( ). We therefore focus on relative spatial questions.

For the task format, we adopt open-ended questions rather than multi-choice. The multiple-
choice setting exhibits answer format bias. We verify this by converting the Multi-Choice QA
into open ended format, define Correct Difference Ratio (CDR) to quantify the performance
varaiance among two inference settings: CDR = nmrred , where ncorrect is the number of questions
answered correctly at least once and n, is the number of questions whose answers differ across
all neorrect answers. As shown in Table 3, CDR values are large across all models, indicating
the spatial understanding capability is likely to be misdirected by the option-based language

bias (2025); ( )- We provide detailed analysis in the Appendix.
For open-ended relational understanding, existing benchmarks such as ScanQA
( ) and SQA3D ( ) contain unanswerable samples as reported by recent
study ( ), but majority 3D-aware VideoLLMs still report them as primary
results ( ); ( ); ( ), which raises concerns
about reliability. Beacon3D ( ) conducts a detailed analysis of these existing

problems and constructs a new benchmark with verified and answerable questions across three
scene distributions. Therefore, we select Beacon3D for evaluation.

Experiment Settings. Beacon3D composed of spatial QA derived from three subsets: Scan-
Net ( ), 3RScan ( ), and MultiScan ( ). The benchmark
reports two metrics: Case accuracy and Object accuracy. Case accuracy is computed per QA
pair, and Object accuracy is computed per object, requiring all three object-associated questions
to be correct. During evaluation, N = 32 frames are uniformly sampled per video as input to the
VideoLLM. For models that require explicit 3D input, aligned 3D coordinates are obtained from
official resources ( ); ( ). Answers are scored by GPT5

(2023).

3.3. Result and Analysis

Finding 1: 3D-aware VideoLLMs are overfitting benchmarks instead of acquiring 3D awareness.

As shown in Table 2, compared with the base model LLaVA-Video ( ), the
majority of 3D-aware VideoLLMs exhibit significant performance drops on Beacon3D. With
large-scale training on spatial QA built on ScanNet ( ); ( ,0);

( ); ( ), most models perform worse on the ScanNet subset and
show severe declines in object accuracy compared to LLaVA-Video. Note that all these 3D-aware
VideoLLMs are initialized from LLaVA-Video, indicating overfitting to language patterns and
failure to acquire robust spatial understanding capability through injected 3D information. In
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Figure 3 | Spatial modeling information flow inside LLM comparison between LLaVA-
Video ( ) and LLaVA-OneVision ( ) on Beacon3D

( ). (@) answer generation attention contribution ratio between video and language tokens.
(b) Attention knockout experiment result (c) frame-wise attention distribution from video to
text tokens. Compared to LLaVA-OneVision, LLaVA-Video begins to show stable performance
gains around layer 6, earlier than LLaVA-OneVision.

the novel scene subsets 3RScan and MultiScan, the gaps widen and object consistency drops
further. Trained on 138K QA samples, VLM-3R reaches only half the object accuracy of LLaVA-
Video on 3RScan. We attribute these gaps to two reasons. First, training on simple QA datasets
with supervised fine-tuning tends to amplify language bias instead of inducing stable and
generalizable spatial modeling inside the language model. GS-reasoner trained on CoT dataset
GCoT-156k ( ) exhibits higher performance on the ScanNet subset, benefiting
from more diverse and general language supervision. Second, large-scale training on a fixed
scene distribution creates strong visual token bias, with visual tokens accounting for a large
percentage of the input token, the model overfits to the seen distribution and struggles with
novel scenes.

Finding2: Self-supervised visual regularization can ease the overfitting and generalize well.

Using self-supervised vision regularization, ROSS-3D ( ) eases the limitation
brought by training on fixed scenes and simple QA. The random masking process during the
training not only eases the model’s overfitting of scene patterns but also adds strong regular-
ization of the overfitting trend on simple QA questions, while still exhibiting a certain level of
performance drop compared to the base model, it successfully reaches competitive object consis-
tency compared to the base model. Considering the dataset ROSS3D was trained on, it exhibits
the effectiveness of self-visual supervision on easing language bias in the mid-quality training
corpus. Meanwhile, compared to 3DRS ( ), trained on the same data corpus
with shared inference architecture, visual supervision from explicit geometry encoder

( ) failed to generalize to a novel dataset, suggesting the vision supervision steers the
general spatial understanding model from the intrinsic cross-view representation better.

4. 3D awareness of VideoLLM

The 3D-aware VideoLLM still struggles for robust spatial understanding with aligned 3D
input, which motivates us to explore a more straightforward setting: Does pure video-language
training bring a VideoLLM with stronger 3D awareness? We conduct empirical analysis between
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LLaVA-Video ( ) on (a) monocular depth estimation and (b) multiview corre-
spondence tasks.
LLaVA-Video ( ) and LLaVA-OneVision-SingleImage ( )(LLaVA-

OV-SI). LLaVA-OV-Sl is trained on a pure image-language corpus, while LLaVA-Video is trained
on it using video-language data, serving as a suitable target for understanding the effect of
video-language training on spatial understanding. As shown in Table 4, LLaVA-Video exhibits
significant performance gain compared to LLaVA-OV-SI on Beacon 3D. To understand how the
video-language training empowers VideoLLM with stronger 3D awareness without 3D data
supervision, we probe its 3D awareness along three dimensions. (i) Vision encoder: whether
video instruction tuning brings a more 3D-aware vision encoder. (ii) LLM: feature modeling
pattern inside the LLM where cross-frame-cross-modality features interact. (iii) Data: We analyze
the data distribution within the training corpus, showing the effect of spatially relevant labels
and the insufficiency of spatial supervision.

4.1. Vision Encoder

Firstly, to probe the 3D awareness change of the vision encoder after video-language training,
we adopt the Probe3D protocol ( ). The vision encoder is decoupled from
the VideoLLM and evaluated on two downstream tasks: probing through DPT head

( ) on monocular depth estimation ( ) and evaluated on multi-view
correspondence ( ). As shown in Fig. 4, the vision encoder before and after
video-language training exhibits similar performance on depth estimation task and shows
nearly overlapping multi-view feature correspondence. Though the vision encoder is unfrozen
during video-language training, the 3D awareness of the encoder exhibits no significant change.
Detailed settings of the vision encoder probing are in Appendix.

4.2. 3D Awareness Inside LLM

For VideoLLM architectures, cross-frame spatial modeling occurs inside the language model
through causal self-attention. Our analysis, therefore, focuses on attention modules, which
govern the flow of information across frames and the interaction between video and text.



Table 4 | Spatial mid-training improves cross-view grounding. Numbers from our evaluation.
Object-level gains are most pronounced after Scan2Cap-based mid-training, surpassing 3D-
aware methods. LLaVA-Video,,: indicates LLaVA-Video after spatial mid-training on Scan2Cap-
Video-36K. The best performance is highlighted in bold.

‘ ScanNet ‘MultiScan\ 3RScan ‘ Overall

Model

‘ case obj. ‘ case obj. ‘ case obj. ‘ case obj.
LLaVA-OV-SI ( ) 61.30 23.64 |50.26 9.43 |57.05 20.22|57.73 19.73
LLaVA-Video ( )| 67.19 29.87|53.88 13.21|59.28 18.75|61.96 22.92
ROSS3D ( ) 67.38 31.43|54.04 15.09 |58.36 16.18 |61.77 23.16
LLaVA-Video,, 67.97 32.73 | 57.08 16.35 | 60.08 22.06 | 63.21 25.98

Cross Modality Attention Distribution. Let 7 be the index set of visual tokens in f,, 7 the
index set of text tokens in f;, and G € 7" denote the index set of generated answer tokens. Let
AP be the post-softmax attention matrix at layer ¢ and head h, with entries Aéi;h) from query q
to key k. We use attention mass as a proxy for token contribution:

H
¢ 1 th .
a,(n) = m Z Z Z A;,k ), m € {vis, txt},

h=1 qe G keSp,

where Syis = 7 and Syt = 7, and aiﬁ + agt) =1

As shown in Fig. 3(a), visual tokens contribute more in the early few layers, while text tokens
gradually dominate after layer 6, consistent with prior findings on image-based MLLMs
( ). Guided by this pattern, we further study cross-frame information flow through
the attention-knockout ( ) experiment and frame-wise attention distributions
analysis.

Attention knockout. We add a knockout mask to the attention logits from layer ¢ onward;
earlier layers use only the causal mask. For any layer r and any head h, define

Mq,k

ko,(r) _ —00, T'Zg,qET,kEI,
0, otherwise.

Here 7 and 7 are the index sets of visual and text tokens. The mask is added to the standard
causal mask, blocking video—text attention while keeping pathways unchanged.

As shown in Fig. 3(b), compared with LLaVA OneVision, LLaVA Video accumulates sufficient
visual evidence earlier, between layers four and six, after which performance gains appear. This
highlights the importance of early global visual composition ( ).

Frame-wise attention distribution. We compute a per-frame attention distribution from
question tokens to each frame vision tokens:

H
@ _ 1 ZZ 1 Z (&h)
a.’ = —— — A .
i - k
H|Q| h=1 qeQ il ke l; ;

Here Q C 7 is the index set of question tokens and 7; C T the visual tokens of frame i.

As shown in Fig. 3(c), LLaVA style models display a strong last frame bias in the earliest
layer. LLaVA-Video spreads attention more evenly across frames and shifts the attention peak

9
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Figure 5 | Performance gain on Beacon3D as training data scale.

from the last layer earlier than LLaVA-OneVisio-S], after the layer in which text tokens begin
to dominate. As layers stack, LLaVA-Video consistently outperforms LLaVA-OneVision-SI
on spatial understanding, indicating that video training fosters intrinsic cross-frame spatial
modeling. Although a sequential bias persists and contributes to the spatial invariance issues
discussed in Section 5, video training reduces the last frame bias, promotes more distributed
spatial reasoning, and yields a clear performance gain on Beacon3D when moving from LLaVA-
OneVision-SI to LLaVA-Video.

4.3. Data Analysis

We look into LLaVA-Video-178K, which is used to transform LLaVA-OneVision-SI into LLaVA-
Video. With around 94k samples are spatial-understanding QAs drawn from diverse videos,
included to equip the model with the ability to perceive spatial relationships, providing the
primary supervision signal that encourages VideoLLMs to learn intrinsic cross-frame modeling
for spatial understanding. However, 50% of these data are limited to simple multiple-choice
QAs, and the open-ended questions are mostly answerable from a single frame with only simple
spatial relations and short answers, while the spatial supervision present in detailed captions
is sparse and mixed with general descriptions, offering weak signals for fine-grained spatial
modeling require cross-frame 3D awareness. Therefore, higher-quality spatial video-language
data are still needed for mid-training. More static analyses of the dataset composition are
provided in the Appendix.

4.4. Spatial Mid-training

Based on these findings, we apply a simple strategy: continue mid-training on LLaVA-Video
using a detailed spatial caption dataset. With no large-scale high-quality training corpus
available, we transform the Scan2Cap ( ) dataset into a pure video-based dataset.
Instead of forcing the model to interpret out of the pretraining distribution 3D coordinates,
we project the 3D coordinates back onto the video frames and prompt the model to generate
detailed, spatially enriched captions for objects constrained within projected 3D bounding boxes,
with visual prompting has been proven beneficial for stronger relational 3D awareness

( ). Through this simple strategy, we construct Scan2Cap-Video-36K, which contains 36k
video—caption pairs with non-overlapping to the Beacon3D ( )-

10



As shown in Table 4, when trained on Scan2Cap-Video-36K rather than large scale simple
QA data, LLaVA-Video exhibits enhanced spatial awareness and achieves performance improve-
ments on the Beacon3D benchmark under a zero shot setting, with 1.25% on case accuracy and
3.06% on object accuracy, showing enhanced spatial understanding in a more object-consistency
way without introducing any explicit 3D input, demonstrating the effectiveness of spatial mid-
training and the necessity of more high quality, detailed spatial supervision labels. Meanwhile,
as the data scale used for mid-training growth, the model exhibits higher performance on
the benchmark as depicted in Figure 5. Therefore, we expect that further scaling will lead to
additional performance improvements, shed light on how to increase the effective training data
in future work. We provide more analysis on the data mix in the Appendix.

5. Spatial Invariance

5.1. Invarance Issue

While video training enhances the intrinsic 3D awareness of VideoLLM, enhancing spatial
understanding covering geometry, spatial relationship and object attributes covered in Beacon3D,
we uncover spatial invariance, an important yet under-explored dimension of 3D awareness
of VideoLLM. Spatial invariance for video-based spatial QA is formed as follows: Denoted
by A = m,ia(Q, ), the answer generated by the VideoLLM ;4 given a question Q and frames
¥ . We say that model is spatially invariant if the generated answer is invariant to any frame
permutation:

VoeSy: mig(Qo(F)) =A=mi(Q %),
where o(F) = {f5(1) }ﬁi , denotes the frames under a permutation o of the frame indices.

While VideoLLMs rely on sequential order to achieve temporal understanding
( ), the answer to a non-temporal spatial question should be identical regardless of the
presentation order of the same views, maintaining robust spatial invariance as an essential
spatial understanding capability.

The concept of spatial invariance is consistent with object constancy and viewpoint invari-

ance in human cognition ( ); ( ), aligns with cross-view
consistency in multi-view geometry and neural rendering ( );

( ); ( ), and connects to permutation-invariant set modeling

and equivariant architectures in machine learning ( ) ( )

( ); ( ); ( ); ( ). In classical 3D

reconstruction pipelines, where multi-view inputs are processed symmetrically, this invariance

is guaranteed naturally ( ); ( ). In contrast, the inherent order

bias of autoregressive architectures can weaken the spatial invariance of VideoLLMs, making
predictions unnecessarily sensitive to frame order in non-temporal queries.

5.2. Spatial Invariance Quantification

Experiment Setting. To evaluate the spatial invariance criterion, frame reversals are applied
as a simplified version of arbitrary permutations. For each example (g, F, a) with ground-truth
answer a, the VideoLLM .4 are queried twice: once with the standard order F and once with
the reversed order rev(F), obtaining predictions: & = m,iq(q,F), @ = myia(q, rev(F)). We apply
metric CDR mentioned in section 3 to measure the performance variance between different
input orders. Lower CDR indicates stronger spatial invariance. For performance on Beacon3D,
we report the average of two queries.
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Table 5 | Overall spatial invariance level on Beacon3D ( ). Large-scale video
training and spatial mid-training with a fixed video input sequence lead to higher spatial
variance. LLaVA-Videon,,s denotes mid-training with frame shuffle augmentation.

Model | Case Object| A CDR
LLaVA-OV-SI ( ) ‘ 57.73  19.55 ‘ 0.04 1299
LLaVA-Video ( ) | 6141 2255 | 094 15.82
LLaVA-Videoy, 63.58 26.17 | 0.57 15.30
LLaVA-Videoms 62.85 2550 | 0.25 14.32
LLaVA-Video: Right LLaVA-Videom:t: Cabinet is above cutting board LLaVA-Videomtsf: Cabinet is above cutting board

Question: In the given scene, what is the direction of the wall cabinet closest to the microwave? Answer: Above

LLaVA-Video: Right LLaVA-Videomt: cabinet is to right of cutting board LLaVA-Videomtsf: Cabinet is above cutting board

Figure 6 | Qualitative results on Beacon3D. Same QA pair with forward (top) vs reversed
(bottom) frames. While video-language training improves 3D awareness, it also reduces spatial
invariance under fixed frame order; frame-shuffle augmentation eases it.

Experimental Results. As shown in Table 5, simply reversing the input frame order yields
only a small change in overall accuracy, yet the CDR becomes substantial. Compared to the
base LLaVA-OneVision, both LLaVA-Video and LLaVA-Video,,: exhibit a higher CDR of 15.82%
and 15.30%, respectively, indicating sequential bias introduced by video training that affects
the spatial invariance of VideoLLMs. We attribute this to two aspects: First, LLaVA-style
architectures require causal attention over both visual and textual tokens; although video
training encourages the model to extract more information from early frames as mentioned
in Sec. 4, the model tends to under-utilize middle and later frames; Second, during training,
a scene video typically contains rich visual evidence that can align with many language QA
pairs, but while the QA pairs change, the input sequence of the same scene video remains fixed.
Consequently, spatial-aware training improves spatial modeling capacity but simultaneously
induces pronounced spatial variance when the model overfits to frame order.

5.3. Spatial-invarance training

To reduce spatial variance in video training, we randomly shuffle the frames during spatial
mid-training. Since the spatial QA pairs are order-invariant, we optimize

mgin E(q7a)~0| €cE(mvia(Q, shuffle(F)), A) |

where shuffle(¥) denotes a uniformly random shuffle of the frames in 7, and ¢cg is the standard
cross-entropy loss. As shown in Table 5, simply shuffling the input order leads to more stable
performance across different input orders, yielding a 6% decrease of CDR compared to mid-
training while still maintaining zero-shot performance growth. Meanwhile, the order sensitivity
remains; we attribute it to the nature of causal attention-based architectures and leave further
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architectural exploration to future work. Figure 6 provides qualitative examples, illustrating
improved spatial invariance after spatial mid-training.

6. Conclusion

In this work, we present the first empirical study of VideoLLMs as proxies for spatial un-
derstanding, covering both 3D-injected variants and the intrinsic 3D awareness learned from
pure video-language training. We show that many 3D-enhanced VideoLLMs overfit flawed
benchmarks, obscuring true spatial ability and generalizing poorly to new question types and
unseen scenes. Analyzing cross-frame modeling from pure video-language training, we find
that VideoLLMs offer a strong basis for spatial reasoning, but current datasets lack sufficient
fine-grained spatial-language supervision. Mid-training on spatially enriched scene captions
addresses this gap and achieves state-of-the-art zero-shot performance. Finally, we identify
spatial invariance as an overlooked facet of 3D awareness: sequence-order sensitivity persists
and is amplified by autoregressive training, but a simple frame-shuffling strategy mitigates it.
We hope this work steers attention on high-quality spatial-language data and generalizable
VideoLLMs for spatial reasoning.
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