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In this supplementary material, we provide additional technical details and experimental validations
in terms of our dataset, method, and comparison. For our dataset, we further provide 2D&3D&4D
data distributions of our Chat4D dataset in Sec. 1. For our method, we list the nomenclature in
Sec. 2, and describe the potential applications in Sec. 3. We also conduct extensive experiments
to demonstrate the effectiveness of different components of our framework in Sec. 4, including
spatiotemporal features in Sec. 4.1-4.2, optical flow effect in Sec. 4.3, training strategy in Sec. 4.4,
applicability for camera settings in Sec. 4.5, comparison of different input modalities in Sec. 4.6,
frame rate discussion in Sec. 4.7, input view discussion in Sec. 4.8, model robustness in Sec. 4.9. We
further provide the potential solutions to the limitation in Sec. 5. For our comparison, we conduct
extensive quantitative comparison experiments on 2D, 3D and 4D benchmarks in Sec. 6.1-6.3, and
provide more visual comparisons of 3D and 4D scene understanding in Sec. 6.4 and 6.5.

1 DETAILS OF OUR CHAT4D DATASET

In Table 1, we provide details of our Chat4D dataset, where 2D, 3D and 4D vision-language data
settings cover dense caption (DC), visual question answering (VQA) and visual grounding (VG)
tasks. For the 2D datasets, the data sources of the DC task include WebVid-10M (Bain et al., 2021),
Panda-70M (Chen et al., 2024b), etc, totaling 121.7k of samples; the data sources of the VQA
task include GranD (Rasheed et al., 2024), EgoQA (Grauman et al., 2022), etc, totaling 107.0k of
samples; the data sources of the VG task include VTimeLMM-Stage2 (Huang et al., 2024a), DiDeMo
(Anne Hendricks et al., 2017), etc, totaling 101.2k of samples. For the 3D datasets, the data sources
of the DC task include MMScan (Lyu et al., 2024) and Scan2Cap (Chen et al., 2021), totaling 107.6k
of samples; the data sources of the VQA task include ScanQA (Azuma et al., 2022) and SQA3D
(Ma et al., 2022), totaling 114.8k of samples; the data sources of the VG task include Multi3DRefer
(Zhang et al., 2023) and ScanRef (Chen et al., 2020), totaling 102.2k of samples. For the 4D dataset,
the visual data sources for these three tasks are the same 4D scene reconstruction datasets: iPhone
(Gao et al., 2022), N3DV (Li et al., 2022), DAVIS (Perazzi et al., 2016), etc. The corresponding text
instructions are generated by GPT, totaling 81.9k of samples for DC, 76.3k of samples for VQA,
and 66.4k of samples for VG. We use 2D & 3D DC and VQA data for content alignment in training
stage 1, 2D & 3D VG data for spatiotemporal coordinate alignment in training stage 2, and 4D data
for instruction fine-tuning in training stage 3. We selected 2,000 samples for each task as test set to
evaluate the 4D scene understanding performance of LMMs. We believe that our Chat4D dataset will
become a foundation benchmark for 4D scene understanding training and evaluation, and promote
the development of scene understanding in the LMM community.

2 LIST OF NOMENCLATURE

We provide the list of nomenclature in Table 2 to improve the readability of the whole paper.

3 POTENTIAL APPLICATIONS OF OUR LLAVA-4D

Unlike existing 3D LMMs that mainly focus on static scene understanding, our LLaVA-4D is a
scalable and general 4D LMM with spatiotemporal awareness, capturing the dynamic patterns. In real-
world settings, scenes typically contain both dynamic objects and static backgrounds. Existing 3D
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Table 1: Data composition of our Chat4D dataset. The red/green/blue highlight 2D/3D/4D data.

Training Stage Task # of Samples Data Source

Stage 1
Content Alignment

2D DC 121.7k WebVid-10M [1], Panda-70M [2], InternVid-10M [3], Valley [4]
2D VQA 107.0k GranD [5], ANet-RTL [6], MUSE [7], EgoQA [8], NExT-QA [9]
3D DC 107.6k MMScan [10], Scan2Cap [11]

3D VQA 114.8k ScanQA [12], SQA3D [13]

Stage 2
Coordinate Alignment

2D VG 101.2k VTimeLLM-Stage2 [14], GranD [15], DiDeMo [16], HiREST [17], Glamm [18]
3D VG 102.2k Multi3DRefer [19] , ScanRef [20]

Stage 3
Instruction Fine-Tuning

4D DC 81.9k iPhone [21], HyperNeRF [22], N3DV [23], PanopticSports [24], DAVIS [25], Immersive [26]
4D VQA 76.3k iPhone [21], HyperNeRF [22], N3DV [23], PanopticSports [24], DAVIS [25], Immersive [26]

4D VG 66.4k iPhone [21], HyperNeRF [22], N3DV [23], PanopticSports [24], DAVIS [25], Immersive [26]

[1] (Bain et al., 2021); [2] (Chen et al., 2024b); [3] (Wang et al., 2023); [4] (Luo et al., 2023); [5] (Rasheed et al., 2024);
[6] (Huang et al., 2024b); [7] (Ren et al., 2024); [8] (Grauman et al., 2022); [9] (Xiao et al., 2021); [10] (Lyu et al., 2024);
[11] (Chen et al., 2021); [12] (Azuma et al., 2022); [13] (Ma et al., 2022); [14] (Huang et al., 2024a); [15] (Rasheed et al., 2024);
[16] (Anne Hendricks et al., 2017); [17] (Zala et al., 2023); [18] (Rasheed et al., 2024); [19] (Zhang et al., 2023); [20] (Chen et al., 2020);
[21] (Gao et al., 2022); [22] (Park et al., 2021); [23] (Li et al., 2022); [24] (Luiten et al., 2024); [25] (Perazzi et al., 2016);
[26] (Broxton et al., 2020)

Table 2: List of Nomenclature.

Variable Notations Description Dimension
[x, y, z] 3D world coordinate of a point R3

PE(x, y, z) Fourier-based 3D potision encoding RD

TE(t) Fourier-based 1D time encoding RD

wp Learnable projection matrix for 4D prompt RD×2D

p4D 4D coordinate encoding RD

f Visual features extracted from multi-view videos RN×D

fs Spatial component of visual features RN×D

ft Temporal component of visual features RN×D

LMMs struggle to perceive the motion states of objects, which limits their effectiveness in practical
applications. Our method addresses this critical limitation by enabling true 4D spatiotemporal
awareness, which is an essential capability for many real-world tasks. For example:

• In robotics, our model supports planning by understanding the dynamic surroundings.

• In Augmented Reality (AR), our model enables motion tracking for more immersive experiences.

• In autonomous driving, our model identifies the position and speed of moving objects and grounds
language to the evolving road scene.

These examples highlight the significant practical value of our LLaVA-4D framework.

4 ABLATION STUDY AND DISCUSSION

4.1 IMPORTANCE OF SPATIOTEMPORAL FEATURES

In Table 3, we compare the impacts of disentangled spatial and temporal features with visual features
directly encoded from multi-view videos on 4D scene understanding. In the 3D benchmark evaluation,
the disentangled spatiotemporal features and visual features maintain similar contributions to 3D scene
understanding, i.e., spatial characteristics of static backgrounds. In the 4D benchmark evaluation,
compared with visual features, the disentangled spatial and temporal features significantly improve
the spatial and temporal understanding performance by a large margin, respectively. This verifies that
the disentangled spatiotemporal features have discriminative representations for dynamic objects and
static backgrounds, and are more suitable for 4D scene understanding.
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Table 3: Discussion on the effects of various feature types for visual representation.

Feature type 3D ScanQA† 3D ScanRef‡ 4D Chat4D
C↑ B-4↑ SAcc@0.5↑ C↑ B-4↑ SAcc@0.5↑ TAcc↑

w/ Visual features 92.4 16.5 51.9 88.3 15.3 52.7 49.4
w/ Disentangled spatial features 95.7 17.3 53.0 90.2 16.4 56.0 51.1

w/ Disentangled temporal features 95.5 17.1 52.1 89.8 16.1 53.2 53.5
w/ Disentangled spatiotemporal features 97.8 17.9 53.2 93.5 17.2 58.9 54.6

† (Azuma et al., 2022); ‡ (Chen et al., 2020)

Table 4: Discussion on the impacts of spatial encoding and temporal encoding.

Spatial encoding Temporal encoding
C↑ B-4↑ SAcc@0.5↑ TAcc↑

Dis. spatial feature 3D pos encoding Dis. temporal feature 1D time encoding√
× × × 80.5 11.8 – –√ √

× × 90.1 16.4 56.1 –
× ×

√
× 79.3 11.3 – –

× ×
√ √

84.2 14.1 – 52.2√ √ √ √
93.5 17.2 58.9 54.6

Table 5: Ablation study on the effect of optical flow on coordinate encoding for scene understanding.

Coordinate encoding C↑ B-4↑ SAcc@0.5↑ TAcc↑
w/o Optical flow 90.8 16.7 57.1 47.3
w/ Optiacl flow 93.5 17.2 58.9 54.6

4.2 COMPONENT-/ELEMENT-LEVEL ABLATION ON SPATIAL AND TEMPORAL ENCODING

As shown in Table 4, we conduct a component-level and element-level ablation study to analyze the
impact of spatial and temporal encoding. In this study, the spatial encoding consists of the spatial
features from spatiotemporal disentanglement and the 3D position encoding from the 4D coordinate
prompt. The temporal encoding includes the temporal features from spatiotemporal disentanglement
and the 1D time encoding from the 4D coordinate prompt.

From a component-level perspective, spatial encoding alone supports strong spatial understanding, and
temporal encoding alone improves temporal understanding. Combining both significantly enhances
overall model performance. From an element-level perspective, disentangled spatial and temporal
features offer a coarse understanding of the scene. 3D position encoding and 1D time encoding are
crucial for fine-grained spatiotemporal reasoning. Concurrently, both spatial and temporal encoding
are essential for effective 4D scene understanding.

4.3 EFFECT OF OPTICAL FLOW ON COORDINATE ENCODING

We also discuss the impact of encoding optical flow into the 4D coordinate on LMMs for 4D scene
understanding. As shown in Table 5, embedding optical flow into the 4D coordinate can significantly
improve the 4D scene understanding performance of our model. The main reason is that optical flow
reflects the motion information of objects in the scene along the temporal dimension, and encoding
this motion feature into the 4D coordinate is conducive to enhancing the dynamic awareness of visual
representation, improving the ability of the LMM to understand dynamic patterns in the scene.

4.4 COMPARISON BETWEEN MULTI-STAGE AND SINGLE-STAGE TRAINING.

We conduct an evaluation comparing different training pipelines in Table 6. The results indicate that
our model with multi-stage training significantly outperforms our single-stage version. There are two
reasons for this improvement: 1) The tasks modeled by LMMs are typically heterogeneous in nature.
2) The input modalities have distinct feature distributions. Single-stage training is more vulnerable to
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Table 6: Discussion on the impacts of training pipeline for model performance.

Training pipeline C↑ B-4↑ SAcc@0.5↑ TAcc↑
Single-stage training 86.7 14.5 49.3 43.8
Multi-stage training 93.5 17.2 58.9 54.6

Table 7: Discussion on the generalization of our model for various camera settings.

Camera setting C↑ B-4↑ SAcc@0.5↑ TAcc↑
w/ Single static camera 94.1 17.5 58.5 55.3

w/ Single dynamic camera 94.1 17.5 58.3 55.8
w/ Dynamic multi-camera 94.3 17.4 59.7 55.8

w/ Asynchronous multi-camera 92.4 16.2 54.9 52.0
w/ Synchronized multi-camera 94.5 17.8 60.4 56.2

conflicting training signals and gradient interference from complex tasks. In contrast, multi-stage
training leads to better overall performance by promoting stable convergence at each stage.

4.5 GENERALIZATION TO DIFFERENT CAMERA SETTINGS.

Although we introduce the entire model using synchronized multi-camera inputs as an example,
we also discuss the applicability of our model to different camera settings including single static
camera, single dynamic camera, dynamic multi-camera, and asynchronous multi-camera. When
applied to these camera settings, the visual encoding processes in our framework, i.e. spatiotemporal
disentanglement, 4D coordinate encoding and spatiotemporal fusion still work well.

• For a single static camera setting, the number of views is simply reduced to one. During spatiotem-
poral disentanglement, we perform correlation only on intra-frame visual features by treating them
as spatial features. All other encoding processes remain unchanged.

• For a single dynamic camera setting, the main difference is the additional background motion
caused by the ego movement. This motion is different from the independent motion of the object.
To alleviate this issue, we introduce a motion threshold to filter out background motion during 4D
coordinate encoding. During spatiotemporal disentanglement, we just construct temporal features.
All other encoding processes remain unchanged.

• For a dynamic multi-camera setting, we also introduce a motion threshold to perform motion
segmentation for the independent moving object during 4D coordinate encoding. All other parts of
the encoding process remain unchanged.

• For an asynchronous multi-camera setting, spatiotemporal disentanglement and 4D coordinate
encoding may introduce a shift in the feature distribution. However, the spatiotemporal fusion
module mitigates this risk by using a cross-attention mechanism to model temporal relationships
between frames that enable the model to learn inter-frame dependencies.

Table 7 shows the experimental results to verify the generalization of our model on the above camera
settings. First, the performance metrics of our model with the single camera setting and dynamic
multi-camera settings are only slightly lower than our model with the synchronized multi-camera
setting. Second, although the asynchronous multi-camera setting leads to a drop in the performance
of our model to some extent, it is still within an acceptable error range. The results show that our
model has strong generalization to different camera settings.

4.6 POINT-BASED LMMS v.s. IMAGE-BASED LMMS

In Table 8, we introduce the 4DGS method (Wu et al., 2024) to reconstruct dynamic scene point
clouds from multi-view videos, and compare the 4D scene understanding performance of our LLaVA-
4D model with point clouds and images as input. The results show that the image-based LMM
outperforms the point-based LMM in 4D scene understanding. This is because point-based LMM
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Table 8: Discussion on the effect of various vision modalities on scene understanding.

Vision modality C↑ B-4↑ SAcc@0.5↑ TAcc↑
Ours w/ point clouds 86.2 14.8 49.3 48.5

Ours w/ images 93.5 17.2 58.9 54.6

Table 9: Discussion on the effect of frame rates on model performance and efficiency.

Frame rate (FPS) C↑ B-4↑ SAcc@0.5↑ TAcc↑ Storage (GB)
3 93.6 16.8 58.4 51.8 1.1
8 93.9 17.1 59.1 55.0 3.0

15 94.3 17.4 59.8 55.7 5.6
30 94.5 17.8 60.4 56.2 11.3
50 94.6 17.9 60.6 56.4 18.8
70 94.7 17.9 60.6 56.5 26.3

Table 10: Discussion on the impact of input views on model performance and efficiency.

Views (n) SAcc@0.5↑ S_Gain TAcc↑ T_Gain Storage (GB)
2 58.7 0.0 55.5 0.0 2.3
6 59.8 1.1 56.0 0.5 6.8

10 60.4 0.6 56.2 0.2 11.3
14 60.6 0.2 56.3 0.1 15.8
18 60.7 0.1 56.3 0.0 20.3

relies heavily on the precision of the reconstruction technology, while existing reconstruction methods
still face huge challenges for 4D dynamic scene reconstruction.

4.7 DISCUSSION ON DIFFERENT FRAME RATES

In Table 9, we provide an ablation study on how video frame rate affects model performance. First,
our model does not require high frame rates, e.g. 70 FPS to function effectively. It operates robustly
within typical range of frame rates, e.g. 15–30 FPS without incurring significant computational
overhead. Second, our model shows only a slight performance drop in temporal grounding at low
frame rates, e.g. 3 FPS, while maintaining strong performance across other scene understanding
metrics. The underlying reason lies in the design of our 4D coordinate encoding of position +
time + motion, which is inherently redundant and error-tolerant. The temporal prompt is not fully
compromised even when optical flow becomes less accurate at low frame rates. This is because the
spatial position and time remain well-defined and continue to provide reliable information.

4.8 IMPACT OF INPUT VIEW NUMBER ON MODEL PERFORMANCE.

In Table 10, we construct an analysis experiment on the impact of input views, where we choose our
4D dataset as evaluation benchmark, SAcc and TAcc as performance metrics, corresponding gains as
uncertainties around marginal gains, and storage cost as data collection cost. First, increasing the
number of input views steadily improves model performance, though the improvement is nonlinear.
Second, the performance gain becomes marginal when the number of input views exceeds 14.
Concurrently, the storage cost continues to grow linearly. Third, the optimal configuration is to use
10 input views, where a favorable trade-off between performance, gain, and data collection cost is
achieved. Importantly, our method is a general framework that supports an arbitrary number of input
views. It remains effective even under sparse-view conditions, and therefore makes it practical for
real-world deployment.
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Table 11: Discussion on the robustness of our model to 4D coordinate errors.

Scene setting Coordinate errors from SfM & MVS (%) C↑ B-4↑ SAcc@0.5↑ TAcc↑
Clean scene 0 93.5 17.2 58.9 54.6
Low light -6.7 92.1 16.3 54.8 53.5

Fast motion -5.3 92.6 16.5 55.0 53.9

4.9 ROBUSTNESS TO 4D COORDINATE ERRORS FROM SFM AND MVS

In our framework, the 4D coordinate prompt relies on some external modules such as SfM and MVS.
Our overall model remains robust despite these modules can introduce errors under challenging
conditions such as low lighting or fast motion. This robustness comes from the role of the 4D
spatiotemporal coordinate, which serves as a coarse prompt. Similarly to NeRF models, it emphasizes
relative position and temporal ordering instead of requiring precise coordinates. Even when the 4D
coordinates contain moderate errors, our model still learns meaningful structural and temporal cues.

We also conduct an analysis to evaluate the impact of inaccuracies from these external modules on
the 4D scene understanding performance of our LLaVA-4D. The results are shown in Table 11, where
low-light and fast-motion conditions are simulated from clean Chat4D data using contrast reduction
and motion blur, respectively. Compared to clean scenes, the 4D coordinates estimated by SfM and
MVS do exhibit noticeable errors under low-light and fast-motion conditions. However, the overall
4D scene understanding performance of our model remains largely stable. We observe only a slight
drop in the spatial grounding metric SAcc, and this decrease stays within an acceptable error range.
This result highlights the robustness of our model to moderate coordinate inaccuracies.

5 LIMITATION AND POTENTIAL SOLUTION

Our LLaVA-4D has limitations in terms of methodological details and scene settings. On method-
ological details, our model has achieved success in end-to-end inference for scene understanding, but
the preprocessing stage related to 4D coordinate construction relies on external modules such as SfM.
This slightly reduces the overall efficiency. However, these external modules are design choices that
are specific to only the current implementation. Given the absence of existing 4D LMMs, our work
pioneers the exploration of applying large multimodal models to 4D scene understanding. We adopt
reliable external modules in the construction of spatiotemporal prompts to allow rapid validation on
the offline datasets. These external modules are modular, replaceable, and do not define or constrain
the overall framework. In the future, we adopt end-to-end geometric models, e.g. MonST3R (Zhang
et al., 2024) to replace these external components. This will improve the practicality of our model.

On scene setting, our LLaVA-4D can understand most regular 3D & 4D scenes, but there are still
some rare challenging scenes where it performs poorly, e.g. dynamic objects with fast motion.
Such high-dynamic patterns typically lead to motion blur and discontinuous trajectories in frame
imaging due to long exposure and low temporal resolution of the frame camera, which weakens the
discriminative spatiotemporal features of the scene and limits the scene understanding capability of
our model. In contrast, an event camera (Gallego et al., 2020) is a neuromorphic sensor with high
temporal resolution that asynchronously triggers signals based on brightness changes. Event-based
imaging compensates for the limitations of frame-based cameras in high-dynamic scenes. To leverage
this advantage, we propose embedding event streams into vision input and 4D coordinate encoding.
First, event streams can be integrated with frame videos to enrich temporal feature representations.
Second, they can replace optical flow to improve the dynamic awareness of 4D coordinate encoding.

6 COMPARISON WITH STATE-OF-THE-ART MODELS

6.1 QUANTITATIVE COMPARISON ON 2D BENCHMARKS

In Table 12, we compare the basic visual understanding capabilities of 2D LMMs and 3D LMMs
on several typical 2D benchmarks. The results show that our method can maintain the same level
of image understanding as other competing LMMs. This also indirectly proves that our model can
obtain the initial multimodal spatiotemporal understanding capability from the 2D dataset.
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Table 12: Quantitative results of LMMs for scene understanding on 2D zero-shot benchmarks.

Methods VQAv2 [6] MMBench [7] MME [8] MM-Vet [9]

2D

MobileVLM [1] 47.5 59.6 1289 –
Qwen-VL [2] 63.8 38.2 – –
Qwen-VL-Chat [2] 61.5 60.6 1488 –
LLaMA-VID [3] – 65.1 1521 –
LLaVA-1.5 [4] 58.2 65.2 1511 31.1

3D LLaVA-3D [5] 57.8 65.0 1502 30.9
4D LLaVA-4D (Ours) 58.0 65.1 1510 31.1

[1] (Chu et al., 2023); [2] (Bai et al., 2023); [3] (Li et al., 2024); [4] (Liu et al., 2024a); [5] (Zhu et al., 2024a); [6] (Goyal et al., 2017);
[7] (Liu et al., 2024b); [8] (Fu et al., 2024); [9] (Yu et al., 2023)

Table 13: Quantitative results of LMMs for scene understanding on different 3D benchmarks.

Methods
Scan2Cap [9] ScanQA [10] Multi3DRefer [11] ScanRef [12] SQA3D [13]

C@0.5↑B-4@0.5↑M@0.5↑R@0.5↑ C↑ B-4↑ M↑ R↑ F1@0.25↑F1@0.5↑SAcc@0.25↑SAcc@0.5↑ EM@1↑

3D

3D-LLM [1] – – – – 69.4 12.0 14.535.7 – – 30.3 – –
Chat-3D v2 [2] 63.9 31.8 – 53.6 87.6 14.0 – – – 41.6 42.5 38.4 54.7
LL3DA [3] 65.2 36.8 26.0 55.1 76.8 13.5 15.937.3 – – – – –
3D-LLaVA [4] 78.8 36.9 27.1 57.7 92.6 17.1 18.443.1 – – – – 54.5
Grou. 3D-LLM [5] 70.6 35.5 – – 72.7 13.4 – – 45.2 40.6 47.9 44.1 –
PQ3D [6] 80.3 36.0 29.1 57.9 87.8 – 17.842.9 – 50.1 57.0 51.2 54.6
LLaVA-3D [7] 79.2 41.1 30.2 63.4 91.7 14.5 20.750.1 54.3 47.2 54.1 42.2 55.6
Video-3D LLM [8] 83.8 42.4 28.9 62.3 102.1 16.2 19.849.0 58.0 52.7 58.1 51.7 58.6

4D LLaVA-4D (Ours) 85.3 45.7 31.3 65.7 97.8 17.9 21.251.8 60.5 54.3 59.4 53.2 59.2

[1] (Hong et al., 2023); [2] (Huang et al., 2023); [3] (Chen et al., 2024a); [4] (Deng et al., 2025); [5] (Chen et al., 2024c); [6] (Zhu et al., 2024b);
[7] (Zhu et al., 2024a); [8] (Zheng et al., 2024); [9] (Chen et al., 2021); [10] (Azuma et al., 2022); [11] (Zhang et al., 2023);
[12] (Chen et al., 2020); [13] (Ma et al., 2022)

Table 14: Quantitative results of LMMs for scene understanding on different 4D benchmarks.

Methods C↑ B-4↑ M↑ R↑ SAcc@0.5↑ TAcc↑

3D

3D-LLM [1] 61.6 11.5 12.3 33.5 31.4 –
Chat-3D v2 [2] 81.8 13.7 – – 39.5 –
LL3DA [3] 72.3 11.9 14.9 36.8 46.2 –
3D-LLaVA [4] 85.1 16.0 18.2 44.2 52.0 –
Grounded 3D-LLM [5] 66.3 12.2 – – 43.7 –
PQ3D [6] 84.7 14.3 17.5 43.1 51.5 –
LLaVA-3D [7] 87.4 14.8 19.4 47.5 45.6 –
Video-3D LLM [7] 89.4 16.1 19.2 48.3 52.8 –

4D LLaVA-4D (Ours) 93.5 17.2 21.0 50.2 58.9 54.6

[1] (Hong et al., 2023); [2] (Huang et al., 2023); [3] (Chen et al., 2024a); [4] (Deng et al., 2025); [5] (Chen et al., 2024c); [6] (Zhu et al., 2024b);
[7] (Zhu et al., 2024a); [8] (Zheng et al., 2024)

6.2 QUANTITATIVE COMPARISON ON 3D BENCHMARKS

In Table 13, we also provide more evaluation metrics of competing methods on 3D benchmarks,
including Scan2Cap (Chen et al., 2021), ScanQA (Azuma et al., 2022), SQA3D (Ma et al., 2022),
Multi3DRefer (Zhang et al., 2023), and ScanRef (Chen et al., 2020). Combining the results in
these tables, we can conclude that our LLaVA-4D has a better overall performance than other 3D
LMMs. The main reason is that spatial features disentangled from multi-view images have stronger
representation capabilities for spatial attributes and relationships, while ordinary visual features lack
matching association across different views.
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The object is a bed covered with dark 
blue sheets. It remains stationary at the 
center of the room, aligned with the wall 
and surrounded by nightstand and desk.

User 

Video-3D LLM

LLaVA-4D

What is the object at [2.16, 1.85, 0.68]? 

LLaVA-3D This is a bed placed at the back of the 
room, with a dark blanket and pillow, 
next to the wall and under a window.

The object is bed covered in dark bed-
ding, placed against the wall and adja-
cent to a small nightstand and window.

User Please describe this scene.

PQ3D A bed located near the wall, horizontally 
aligned with pillows and a dark blanket 
on top.

Point

This is a furnished room with a bed be-
neath the window, a desk with two moni-
tors in front, chairs tucked in, and a 
green sofa facing the bed.

Video-3D LLM

LLaVA-4D

LLaVA-3D This indoor scene includes a bed, central 
desk with monitors, two chairs, and a sofa 
opposite the bed.

PQ3D The scene contains a bed, sofa, chairs, and 
a desk with monitors, arranged along the 
walls of a compact room.

This is a small bedroom scene with a bed 
on the right, a central desk with monitors, 
and a green sofa and chairs on the left.

(a) Global 3D Scene Understanding (b) Local 3D Scene Understanding

Figure 1: Visual comparison of LMMs on 3D scene understanding.

A spotted seal lying on the beach slowly lifted its head and turned from side to side, appearing to look 
around curiously across several moments. Faint curved trails behind its body suggest it had recently 
moved forward along the wet sand.

0.2s 0.6s 1.0s 1.4s 1.8s

User 

Video-3D LLM

LLaVA-4D

What happened in this scene?

LLaVA-3D A seal is lying on a sandy beach, turning its head to the right.

A spotted seal rests on the beach with its head turned toward the right. Curved marks in the sand behind it 
indicate it recently shifted position.
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Figure 2: Visual comparison of LMMs on 4D scene understanding.

6.3 QUANTITATIVE COMPARISON ON 4D CHAT4D BENCHMARK

In Table 14, we also provide more detailed evaluations in our Chat4D benchmark. The results show
that our model is far superior to other 3D LMMs in 4D scene understanding. Compared to competing
3D LMMs, our model introduces temporal encoding to enhance dynamic awareness. It further
disentangles visual features into temporal components to improve the representation of temporal
attributes and relationships across the scene. These designs significantly strengthen the 4D scene
understanding ability of our model.

6.4 QUALITATIVE COMPARISON ON 3D BENCHMARKS

In Fig. 1, we provide more visual comparisons on 3D scene understanding, where we select some
typical scenes as examples. Compared to the competing 3D LMMs, our LLaVA-4D is more fine-
grained in representing spatial characteristics of the scene. This also verifies the effectiveness of the
disentangled spatial features in our model for the spatial characteristic representation of the scene.
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One person is gripping their opponent, rotating their body, and lifting them into the air. The opponent is 
flipping over the hip, spinning mid-air, and landing as the thrower maintains balance and control. At 0.5s, 
they are at [2.34, 1.87, -1.78, 3.25, 0.21, -1.27]. ... At 1.3s, they are at [0.85, 1.84, -1.46, 2.53, 0.12, 0.25].

0.5s 0.7s 0.9s 1.1s 1.3s

User 

Video-3D LLM

LLaVA-4D

What are the two persons doing in this scene? Please provide their coordinates.

LLaVA-3D One person is flipping the other over their hip during a judo throw. They are at [2.18, 1.35, -1.30, 3.01, 
0.22, -1.29].

One person is throwing the other in a judo move, with the opponent mid-air, flipping over the hip during 
the dynamic motion. They are at [2.21, 1.47, -1.38, 3.08, 0.18, -1.20].
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Figure 3: Visual comparison of LMMs on 4D scene understanding.

6.5 QUALITATIVE COMPARISON ON 4D CHAT4D BENCHMARK

In Fig. 2 and 3, we also provide more visual comparisons on 4D scene understanding. The results
show that 3D LMMs cannot respond to timestamp and corresponding temporal information, while our
method can understand the temporal content. This is because these 3D LMMs lack the representation
of temporal characteristic, while our method introduces the spatiotemporal prompt to enhance the
dynamic representation of 4D scenes.
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