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Abstract

Multimodal Large Language Models (MLLMs) have
demonstrated impressive 2D image/video understanding
capabilities. However, there are no publicly standardized
benchmarks to assess the abilities of MLLMs in under-
standing the 4D objects (3D objects with temporal evo-
lution over time). In this paper, we introduce 4D-Bench,
the first benchmark to evaluate the capabilities of MLLMs
in 4D object understanding, featuring tasks in 4D object
Question Answering (4D object QA) and 4D object cap-
tioning. 4D-Bench provides 4D objects with diverse cat-
egories, high-quality annotations, and tasks necessitating
multi-view spatial-temporal understanding, different from
existing 2D image/video-based benchmarks. With 4D-
Bench, we evaluate a wide range of open-source and closed-
source MLLMs. The results from the 4D object captioning
experiment indicate that MLLMs generally exhibit weaker
temporal understanding compared to their appearance un-
derstanding, notably, while open-source models approach
closed-source performance in appearance understanding,
they show larger performance gaps in temporal understand-
ing. 4D object QA yields surprising findings: even with
simple single-object videos, MLLMs perform poorly, with
state-of-the-art GPT-4o achieving only 63% accuracy com-
pared to the human baseline of 91%. These findings high-
light a substantial gap in 4D object understanding and the
need for further advancements in MLLMs. Project page:
https://4dbench.github.io/

1. Introduction
Digital 4D (i.e. dynamic 3D) assets have received increas-
ing attention from both academia [8, 44, 51, 76, 100] and
industry [1, 2], as they are important to many real-world
applications such as digital twins, augmented reality, and
gaming. With the increasing demand for dynamic and inter-
active virtual experiences [38], it is desirable to understand
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Q: What does the robot’s right hand turn into?
(A) Into the leg.   (B) Into the tail.
(C) Into the sword.                     (D) Into the wing.

Figure 1. An example demonstrating the challenges of 4D ob-
ject understanding involves multi-view spatial-temporal rea-
soning. Given the 4D object, the robot’s right hand seems am-
biguous in some views at first and eventually disappears over time.
Hence, answering the question needs to (1) address multi-view
ambiguity and choose proper views and time that the right hand
is visible, (2) localize the right hand, (3) and track its evolutions
along the time dimension.

and interact with 4D assets using language, necessitating
4D-object-language understanding for 4D assets.

While many efforts [5, 15, 20, 46, 55, 88, 104] have been
devoted to 2D image/video language understanding, 4D ob-
ject language understanding has been much less underex-
plored, yet it poses new challenges. First, unlike 2D images,
where parts of an object are occluded or ambiguous, a 4D
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object can be observed from different views, exhibiting dif-
ferent appearances among views and dynamic motions over
time. As a result, 4D object understanding requires both
multi-view spatial and temporal understanding (see Fig. 1).
Additionally, diverse 4D representations (e.g. point cloud
squences [11, 39, 49], 4DGS [90]), add more difficulties in
4D object understanding. Second, unlike the massive avail-
ability of 2D image-text data on the Internet, large-scale
4D-object-text data are scarce, hindering the development
of 4D-object-centric foundation models.

In this paper, instead of costly building a large-scale 4D-
object-text dataset and establishing a 4D object understand-
ing model on advanced 4D representation (e.g. point clouds,
4DGS), we explore a new question. Can we directly expand
advanced Multi-modal Large Language Models (MLLMs)
to 4D object understanding? Current MLLMs, such as
GPT-4o [3] and Qwen2-VL [88], have learned rich world
knowledge from massive text, image and video data. By
representing 4D objects as multi-view videos, we can lever-
age MLLMs for 4D object language understanding. How-
ever, the challenge arises: there are no such public bench-
marks designed for evaluating 4D object understanding
abilities, to the best of our knowledge. Without a dedicated
benchmark, it is unclear what the strengths and limitations
of these models are in 4D object understanding, thereby
making it difficult to improve MLLMs.

To fill the gap, we step towards 4D object language un-
derstanding by introducing a new benchmark, dubbed 4D-
Bench. The 4D-bench presents 4D object captioning and
4D object Question Answering (QA) tasks, enabling an in-
depth evaluation of MLLMs. Due to the lack of publicly
available high-quality text descriptions for 4D objects, it is
non-trivial to construct annotations through leveraging text
information in existing 4D object datasets. We devote great
human efforts to manually ensure that most questions ne-
cessitate multi-view spatial-temporal understanding for 4D
object QA, so that our 4D-Bench provides high-quality an-
notations yet challenging evaluations.

Our 4D-Bench introduces new dimensions in evaluat-
ing MLLMs, compared to 2D image/video benchmarks.
First, our benchmark necessitates both multi-view spatial
and temporal understanding, which has been ignored by
existing 3D- and 2D-language understanding benchmarks.
For example, 3D-language understanding benchmarks (e.g.
[7, 32]) focus on static 3D scene understanding, ignor-
ing motion information, while 2D video benchmarks (e.g.
[26, 27] ) ignore multi-view understanding. Second, our
4D-Bench comprises digital 4D assets, which are synthetic
and include counterfactual objects and motions, typically
absent in real-world datasets. This enables our 4D-Bench
to be an Out-Of-Distribution (OOD) evaluation for MLLMs
trained on real-world, scene-level 2D images/videos.

With 4D-Bench, we evaluate various MLLMs ranging

from closed-source models such as Gemini 1.5 Pro [74] and
GPT-4o [66] to open-source ones (e.g. Qwen2-VL [88]).
Our extensive experiments reveal several key insights about
current MLLMs’ 4D object understanding capabilities: (1)
Even state-of-the-art models still perform notably worse
than humans across both question answering and caption-
ing tasks; (2) On the 4D object QA task, MLLMs demon-
strate a clear performance hierarchy across different under-
standing dimensions: they perform relatively better on ap-
pearance and spatial relationship subtasks but struggle con-
siderably with object counting (37.29% average accuracy),
action recognition, and temporal relationship understand-
ing; (3) 4D object captioning experimental results shows
a similar pattern where MLLMs generally achieved higher
GPT-Appearance scores than GPT-Action scores. Notably,
closed-source models generally outperform open-source al-
ternatives, particularly in action understanding, some open-
source models show competitive performance in appear-
ance comprehension.

Our contributions can be summarized as follows:
• We introduce 4D-Bench, the first comprehensive bench-

mark for evaluating MLLMs’ capabilities in understand-
ing 4D objects, featuring both captioning and question-
answering tasks.

• Our benchmark provides new challenges, necessitating
multi-view spatial-temporal understanding, while it can
serve as a generalization evaluation benchmark for im-
age/video MLLMs.

• Evaluation results effectively reveal the strengths and
shortcomings of the evaluated MLLMs in 4D object un-
derstanding.

2. Related Work
Multimodal Large Language Models (MLLMs). Large
Language Models (LLMs) such as GPT-4o[3], LLaMA
[83, 84], and Gemini [79] have demonstrated substantial
capabilities in language comprehension, generation, and
knowledge retrieval. Concurrently, vision-language mod-
els like CLIP [73] have successfully aligned visual and tex-
tual modalities. To understand information across multi-
ple modalities, MLLMs [5, 15, 20, 46, 55, 88, 104] ex-
tend the capabilities of LLMs to modalities such as 2D
images, videos, and audio by introducing alignment mod-
ules and visual instruction tuning. Models like MiniGPT-4
[15, 104] and LLaVA [43, 54, 55, 102] use multilayer per-
ceptrons (MLPs) to align features extracted by pre-trained
vision backbones to the latent space of LLMs, while 2D-
Video LLMs such as VideoChat [47] and Video-LLaMA
[99] employ Q-former modules for 2D video understanding.
In the realm of 3D vision-language tasks, models like 3D-
LLM [31], 3DVista [105], and GPT4Point [71] have been
proposed.

Recent works like InstructBLIP [21], ShareGPT4V [16],
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4D Object Captioning

Human Caption 1: A cartoon-style knight character wears a rounded helmet adorned 
with a golden unicorn horn, ornate armor with bluish-green shoulder plates edged in 
bright gold, and boots with golden accents. Draped in a purple cape, the knight is 
wielding a weapon, tossing it into the air, and catching it in a playful, skillful display.
Human Caption 2: xxx          Human Caption 3: xxx
Human Caption 4: xxx           Human Caption 5: xxx
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Q: How many burnt cigarettes are there?

(A) Nine burnt cigarettes.        (B) Zero burnt cigarettes.
(C) Three burnt cigarettes .     (D) Two burnt  cigarettes.

time

vi
ew

po
in

t

4D Object Question Answering

Figure 2. Illustration of the 4D-Bench. 4D-Bench consists of two critical tasks (a) 4D object QA and (b) 4D object captioning. 4D object
QA provides one question and four choices per QA to evaluate MLLMs. 4D object captioning provides five human captions per 4D object.

and ShareGPT4Video [17] leverage GPT-4 Vision to gener-
ate large-scale, highly descriptive image-text and video-text
datasets, improving captioning capabilities. VImageBind-
LLM [29] extends multimodal understanding by aligning
embeddings from various modalities, including audio and
3D point clouds, to LLMs using a learnable binding net-
work. Our findings highlight significant room for improve-
ment in fine-grained temporal understanding within 4D ob-
ject comprehension, underscoring the need for systematic
evaluation and further research to address these challenges.
Evaluations of MLLMs. To evaluate image and video
tasks in MLLMs, a range of benchmarks has emerged [10,
27, 50, 57, 58, 70, 81, 82, 97, 98]. Initial efforts [56, 96]
provided foundational assessments but lacked scale, leading
to benchmarks that assess perception and cognition across
diverse subtasks [93]. Liu et al. [57] leveraged GPT-4 [3]
for scalable, labor-free evaluations. More recent develop-
ments like SEED-Bench and SEED-Bench-2 [41, 42] in-
troduced six-fold larger annotations with extensive multi-
modal questions, categorizing MLLM capabilities into hi-
erarchical levels. Image understanding benchmarks evolved
from object counting [86] to high-resolution detail assess-
ments [40, 89]. Fine-grained image-text alignment and rela-
tional understanding are evaluated through complex seman-
tic matching [69, 80] and paired image relationships [36].
For further details on these benchmarks, please refer to [45].

Video understanding benchmarks [19, 26–28, 34, 48,
59, 62, 78, 103] focus on temporal coherence and action
recognition [33], progressing from early tasks [77, 91]
to more granular temporal and causal assessments [35,
48, 59, 61, 64]. Real-world activities with overlapping
actions are assessed in [12], while comprehensive video
evaluations encompass diverse tasks and long-form con-
tent [19, 24, 65, 103]. In addition to MLLMs, T3bench [30]
introduces a benchmark to evaluate text-to-3D generation
methods [52, 72]. Different from these benchmarks, our
benchmark focuses on evaluating the capability of MLLMs

on 4D-object-centric understanding.

3. A New Benchmark: 4D-Bench
We establish a new benchmark named 4D-Bench to evalu-
ate MLLMs on 4D object understanding. We define the 4D
object question answering task in Sec. 3.1 and the 4D ob-
ject captioning task in Sec. 3.2. We then describe the data
collection and the annotations of these two tasks in Sec. 3.3.

3.1. Task 1: 4D Object Question Answering
We propose the following five subtasks of 4D object QA
to evaluate MLLMs’ 4D object understanding capability.
While some subtask definitions may be similar to those in
2D video benchmarks, the complexity of 4D objects intro-
duces new challenges for MLLMs. We provide case exam-
ples for each subtask in this link

Appearance. This subtask evaluates MLLMs to analyze
and describe the visual attributes of objects. This subtask
presents two key challenges: (1) many objects in our dataset
are synthetic or fictional, presenting attributes and configu-
rations that may deviate significantly from real-world exam-
ples that MLLMs were trained on, and (2) the multi-view
nature requires MLLMs to integrate appearance informa-
tion across different viewpoints (e.g., “From the front view,
what color is the main part of the character’s outfit? From
the side view, does the character appear to have any acces-
sories attached to their back?”).

Action. Different from 2D video-based benchmarks that
focus on scene-level videos, our benchmark enables the
deep study of the activities of an object and the motions
of its local parts from multiple viewpoints. The action sub-
task evaluates MLLMs in three additional aspects: (1) typ-
ical action recognition; (2) fine-grained motion detection
that recognizes subtle movements of specific parts; (3) di-
rectional movement analysis that determines specific move-
ment directions.
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Figure 3. Pipeline for constructing the 4D-Bench dataset. The
pipeline includes rendering multi-view videos for 4D objects from
Objaverse-XL, motion filtering, visual quality filtering, and multi-
stage annotations for QA pairs and captions. Captions are purely
human-annotated, while QA pairs are generated through a hybrid
approach using MLLMs and human validation.

Object Counting. This evaluation subtask evaluates
MLLMs by performing precise object enumeration under
dynamic and spatially complex scenarios. The key chal-
lenges lie in two aspects: (1) temporal dynamics, where
objects may appear or disappear during the sequence, re-
quiring continuous tracking and count adjustment, and (2)
occlusion handling, where objects may be partially or fully
obscured from certain viewpoints, necessitating cross-view
information integration to arrive at accurate counts.

Spatial Relationship. This subtask tests MLLMs’ ability
to understand spatial configurations across multiple view-
points, requiring them to analyze object relationships and
transformations while integrating information from differ-
ent angles to handle occlusions.

Temporal Relationship. This subtask examines
MLLMs’ ability to comprehend the temporal evolution of
objects or sequential actions.

3.2. Task 2: 4D Object Captioning
The 4D object captioning task is to generate text descrip-
tions for the 4D objects. Here, our task requires MLLM
to interpret and describe the objects’ appearance and ac-
tions. Unlike 2D image/video captioning [4, 14, 18, 23, 37,
92], 4D object captioning necessitates multi-view spatial-
temporal understanding in two aspects: (1) appearance de-
scription requires aggregating visual details observed from
different angles to form a complete understanding of the
object’s characteristics, and (2) action description demands
observing the motion sequence from various perspectives
to accurately capture complex movements that may be am-
biguous or partially visible from a single viewpoint.

3.3. Data Collection and Annotation
In this section, we describe the construction of our 4D-
Bench dataset shown in Fig. 3.

3.3.1. 4D Data Collection and Curation.
We choose multi-view videos as the representation for 4D
objects to make the benchmarking of MLLMs possible.
To build our dataset, we render tens of thousands of dy-

namic 3D objects collected from Objaverse-XL [22]. Due
to the noisy nature of the data, we designed a data-cleaning
pipeline to filter out low-quality samples. The data-cleaning
process consists of two main stages.
Object motion analysis. We perform pixel change detec-
tion of the rendered videos to identify the temporal bound-
aries of object motion, allowing us to extract relevant video
segments. This ensures the dataset contains exclusively dy-
namic objects.
Object visual quality assessment. Many 4D objects ex-
hibit undesirable visual characteristics, such as oversim-
plified geometry, lack of texture, and poor aesthetic qual-
ity. While there are unsupervised vision quality assess-
ment methods like CLIP-IQA[87], here we present a CLIP-
based[73] filter pipeline. We manually annotated thousands
of images as high or low quality, then we fine-tuned the
CLIP image encoder to serve as a quality classifier to distin-
guish between high and low-quality objects. The resulting
classifier effectively filters out low-quality objects, ensur-
ing that only visually appealing and geometrically complex
objects are included.

3.3.2. 4D Object Question Answering Annotation.

Designing challenging 4D object question-answer pairs ne-
cessitating both multi-view spatial and temporal under-
standing is challenging, given that our multi-view videos
feature only a single object and cover a short time span.

We began by engaging professional (have done similar
tasks before) annotators who were instructed to carefully
observe the rendered multi-view videos and design chal-
lenging questions with four choices. Each annotation was
subsequently manually verified by us. However, this pro-
cess proved to be not only costly but also suffered from
quality degradation over time. Specifically, the retention
rate of annotations from the annotation team initially stood
at 92.0% but dramatically declined to 62.5% in later stages.
During this preliminary exploration phase, we retained 164
high-quality QA pairs that met our rigorous standards.

Inspired by recent work [13, 48, 62], we leveraged
MLLMs, specifically GPT-4o and Qwen2-VL, to generate
QA pairs from tens of thousands multi-view videos of 4D
objects. By prompting the model to analyze multi-view
videos through chain-of-thought reasoning, we facilitated
the generation of challenging questions and options. The
generated QA pairs underwent an initial validation process
using the Qwen2-VL 7B model to ensure strict adherence
to the predefined task-specific guidelines and quality cri-
teria. Then we run blind filtering by inputting only the
QA text content (without visual input) to Qwen2.5[95] and
Llama 3.1[25] and drop those where both models answer
correctly. Finally, we performed a manual review to refine
the remaining pairs and removed any inappropriate 4D ob-
ject question-answering pairs.
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Figure 4. Subtask and category distributions in 4D object QA
and captioning. Left: Distribution of five subtasks in the 4D ob-
ject QA task, 751 question-answering pairs in total. Right: Distri-
bution of 4D object categories in 4D object captioning task, 580
4D objects in total.

3.3.3. 4D Object Captioning Annotation.
We manually examined approximately 8,000 candidate 4D
objects and carefully selected 580 representative samples,
prioritizing diversity in object types and motion character-
istics (see Fig. 4 for 4D object category distribution). For
each object, five professional annotators independently pro-
vided one caption based on the multi-view video, resulting
in five unique descriptions per 4D object. A dedicated re-
viewer ensured that captions captured significant details and
exhibited diversity, unsatisfactory captions were revised.

3.4. Statistics of 4D-Bench.
The statistics of 4D-Bench are shown in Fig. 4, we pro-
vide more details in the Appendix. Our 4D Object QA
task contains 751 question-answer pairs for 736 4D ob-
jects, where the Action subtask comprises the largest por-
tion. The remaining four subtasks (Appearance, Object
Counting, Spatial Relationship, and Temporal Relationship)
are distributed in relatively balanced proportions. 4D object
captioning task of 4D-Bench covers 580 4D objects with
diverse categories.

4. Experiments

4.1. Evaluation Metrics
4D object question answering metrics. The 4D object QA
consists of questions with four choices and only one of them
is correct. We report both subtask and average accuracy.
4D object captioning metrics. To evaluate the generated
captions against the five human annotations provided for
each 4D object, we employ a comprehensive evaluation
framework. This includes traditional n-gram-based met-
rics such as BLEU [68], ROUGE [53], METEOR [9], and
CIDEr [85], which remain standard in the caption evalua-
tion literature despite some noted limitations. We also in-
corporate embedding-based metrics like BERTScore [101]

and Sentence-BERT [75]. Furthermore, inspired by re-
cent findings [23, 60, 63, 78] that have widely validated
and adopted LLM-based evaluation for its stronger corre-
lation with human judgment [23, 63], we introduce GPT-
4o as our LLM evaluator. The GPT-Appearance and GPT-
Action scores evaluate the similarity between the predicted
and human-annotated captions in terms of object appear-
ance and actions, respectively. Both scores range from 0 to
5, and the GPT-Eval score is the average of these two scores.
For more information about GPT evaluation, please refer to
the Appendix.

4.2. Evaluation Settings
We evaluate a range of MLLMs, including two leading
closed-source models, GPT-4o [3] and Gemini 1.5 Pro [74],
as well as widely used open-source models: MiniGPT4-
Video [6], VideoChat2 [48], InternVL2 [20], Qwen2-VL
[88], LLaVA-OneVision [43] and LLaVA-Video [102].

We uniformly select K views around the 4D object from
the rendered multi-view videos, then sample N frames from
each selected view’s video sequence, resulting in a K ×N
frames input. In our experiments, we empirically set K =
3 and N = 6. Such sampling strategies ensure that the
evaluations fulfill GPU memory constraints while covering
the multi-view and temporal information of 4D objects well.

4.3. Evaluation Results on 4D Object QA
4D object QA experimental results are showed in Tab. 1.
Here, we provide our key findings.

MLLMs underperform humans. Our experimental re-
sults demonstrate a clear performance hierarchy, with GPT-
4o achieving the highest Overall accuracy (62.98%). How-
ever, it should be noted that even the best-performing model
achieves relatively modest accuracy. This is particularly
striking given that our test cases primarily involve simple
4D objects - when presented with carefully designed ques-
tions requiring multi-view spatial and temporal understand-
ing, current MLLMs struggle to provide accurate responses.

MLLMs struggle most with Object Counting task. A
large performance gap between object counting and other
subtasks. All models struggle in Object Counting (37.29%
average accuracy), in contrast, even for the challenging sub-
task Temporal Relationship understanding, models achieve
higher performance (49.29% average accuracy). Fig. 5
shows the performance of MLLMs on a counting prob-
lem. Although the absence of motion information lowers
the complexity of answering the question, Gemini 1.5 pro,
Qwen2-VL 7B, LLava-Video 7B and GPT-4o still wrongly
answer the question. Such results uncover the limitations of
these advanced MLLMs in fusing information from differ-
ent views to reason accurate counts.

MLLMs are better at appearance and spatial under-
standing than action and temporal understanding. This
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Model Object Counting (%) Temporal Relationship (%) Action (%) Spatial Relationship (%) Appearance (%) Overall (%)

MiniGPT4-Video [6] 22.05 26.43 22.90 22.39 22.06 23.17
VideoChat2 [47] 22.83 31.43 33.18 38.81 34.56 32.36
InternVL2 8B [20] 18.11 31.43 35.98 32.09 39.71 32.09
LLaVA-OneVision 7B [43] 42.52 52.86 42.99 57.46 74.26 53.00
LLaVA-Video 7B [102] 42.52 55.00 52.80 56.72 78.68 56.86
Qwen2-VL 7B [88] 38.58 56.43 57.94 58.96 71.32 56.99
InternVL2 76B [20] 28.35 45.00 42.52 38.81 64.71 43.94
LLaVA-OneVision 72B [43] 49.61 58.57 60.75 61.19 76.47 61.38
LLaVA-Video 72B [102] 54.33 58.57 57.48 66.42 77.21 62.32
Qwen2-VL 72B [88] 45.67 55.71 58.41 61.19 72.06 58.72
Gemini 1.5 Flash [74] 26.77 50.00 53.27 60.45 66.18 51.80
GPT-4o mini [3] 40.16 50.71 50.00 61.94 72.06 54.59
Gemini 1.5 Pro [74] 46.46 58.57 59.35 64.18 68.38 59.52
GPT-4o [3] 44.09 59.29 63.55 69.40 77.21 62.98

Average 37.29 49.29 49.37 53.57 63.92 50.69
Human 88.98 89.29 94.39 91.04 89.71 91.08

Table 1. 4D object question answering results. The Overall column refers to average accuracy across all sub-tasks. The Average row
represents the mean performance of all tested models in each category. We provide human performance as a reference.
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Q: How many presents are wrapped in red ribbon?
(A) Three. (B) Two.
(C) Four. (D) Five.

Gemini 1.5 pro Qwen2-VL 7B LLava-Video 7B GPT-4o
(C) (C) (A)(C)

Figure 5. An example from Object Counting subtask. Answer-
ing this question requires integrating multi-view information and
capturing cross-view correspondences to count the presents, ne-
cessitating multi-view reasoning. If relying solely on a single view
(e.g. the middle row), it would lead to wrong answers (e.g. four),
since some boxes are occluded and invisible in this view.

pattern is also validated in the following 4D object caption-
ing experimental results. As shown in Tab. 1, many MLLMs
achieve over 70% accuracy in the Appearance subtask. In
the subtask of Spatial Relation, half of the MLLMs achieve
over 60% accuracy. However, all MLLMs perform worse in
subtasks of Temporal Relationship and Action, with average
accuracies of only 49.29% and 49.37%, respectively.

MLLMs may answer from prior knowledge rather than
understanding 4D objects. Unlike existing benchmarks
based on real-world videos, our dataset is built on synthetic
4D objects and hence provides some counterfactual 4D data
that deviates from physical laws and behaves differently
from its real-world counterpart. For example, as shown in
Fig. 6, our benchmark includes counterfactual testing data
where a synthetic spider has 6 legs, contrary to the fact that
real spiders typically have 8 legs. These data, therefore,
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Q: How many legs does the black robotic spider have?
(A) Four. (B) Six.
(C) Ten. (D) Eight.

Gemini 1.5 pro Qwen2-VL 7B LLava-Video 7B GPT-4o
(D) (D) (D)(D)

Figure 6. A counterfactual example from 4D object QA task. A
synthetic spider with six legs, illustrating a counterfactual scenario
for testing, as a real-world spider typically has eight legs.

serve as a valuable testbed to examine whether MLLMs
truly understand the input or simply rely on learned world
knowledge. We observe that, although both the questions
and the visual content of the 4D objects are simple, MLLMs
including powerful models such as GPT-4o and Qwen2-
VL—7B may still choose incorrect answers (see Fig. 6) on
these counterfactual 4D data. Notably, these incorrect an-
swers are consistent with real-world knowledge. This indi-
cates that MLLMs tend to rely on prior knowledge rather
than truly understanding 4D objects.

The above evaluation results highlight the new chal-
lenges posed by 4D object understanding and showcase the
shortcomings of MLLMs in detailed aspects. On the other
hand, the revealed shortcomings provide valuable guidance
for future improvements.

4.4. Evaluation Results on 4D Object Captioning

Tab. 2 illustrates the evaluation results of various MLLMs
on the 4D object captioning task of 4D-Bench. The fol-
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Model CIDEr BLEU@4 METEOR ROUGE BERT SBERT GPT-Appearance GPT-Action GPT-Eval

MiniGPT4-Video [6] 18.4 0.6 23.1 13.2 50.7 51.2 1.737/5 1.351/5 1.544/5
InternVL2 8B [20] 48.4 2.5 27.9 22.6 58.2 60.3 2.531/5 1.877/5 2.204/5
VideoChat2-Mistral [48] 79.0 6.9 33.5 33.5 65.4 59.7 2.578/5 1.912/5 2.245/5
LLaVA-OneVison 7B [43] 86.4 10.0 39.2 32.7 63.2 65.6 3.166/5 2.479/5 2.823/5
LLaVA-Video 7B [102] 102.6 14.6 41.7 38.8 66.7 68.1 3.235/5 2.552/5 2.894/5
Qwen2-VL 7B [88] 84.5 10.1 36.9 36.4 65.7 66.9 3.170/5 2.666/5 2.918/5
InternVL2 76B [20] 72.0 5.5 34.2 27.1 60.9 65.3 3.099/5 2.637/5 2.868/5
LLaVA-OneVision 72B [43] 107.4 16.1 41.1 41.5 68.5 68.0 3.180/5 2.268/5 2.724/5
LLaVA-Video 72B [102] 106.2 15.1 39.8 40.9 68.5 68.1 3.138/5 2.471/5 2.804/5
Qwen2-VL 72B [88] 95.1 12.4 40.3 38.0 66.8 67.5 3.324/5 2.791/5 3.057/5
Gemini 1.5 Flash [74] 84.3 7.3 36.5 32.9 65.3 68.9 3.246/5 2.931/5 3.088/5
GPT-4o mini [3] 51.1 2.7 30.8 24.0 59.3 63.5 3.311/5 3.131/5 3.221/5
Gemini 1.5 Pro [74] 94.8 11.2 38.7 39.0 68.5 68.8 3.311/5 2.983/5 3.147/5
GPT-4o [3] 69.0 6.4 35.9 32.1 64.1 66.4 3.507/5 3.258/5 3.382/5

Average - - - - - - 3.038/5 2.522/5 2.780/5
Human 126.6 14.12 45.01 43.48 71.69 76.30 3.772/5 3.879/5 3.826/5

Table 2. 4D object captioning results. The Average row represents the mean performance of all tested MLLM models under each
metric. The Human row represents the performance of human annotator under each metric. For each metric, we bold the best performing
MLLM model. We highlight GPT metrics as they demonstrate better alignment with human preferences in evaluating caption quality, and
our analysis also primarily focuses on models’ performance across these metrics. GPT-4o’s GPT metrics are marked in gray due to the
potential self-evaluation bias when using GPT-based metrics to evaluate a GPT model[67]. We provide human performance as a reference.

lowing analysis primarily relies on GPT-Appearance, GPT-
Action, and GPT-Eval scores [23, 63].

MLLMs underperform humans. Current state-of-the-
art multi-modal large models (MLLMs) still underperform
compared to humans. As shown in Tab. 2, humans achieve
better scores with a GPT-Eval score of 3.826 out of 5, com-
pared to even the best-performing MLLM, GPT-4o, with a
score of 3.382 out of 5.

MLLMs are better at appearance understanding than
action understanding. A deeper analysis across dif-
ferent evaluation metrics reveals interesting patterns in
model capabilities. We observe that both open-source
and closed-source models generally achieve higher scores
in GPT-Appearance compared to GPT-Action. For in-
stance, Qwen2-VL 72B achieves a GPT-Appearance score
of 3.324/5 but drops to 2.791/5 for GPT-Action.

Open-source models lag behind closed-source mod-
els in action understanding. All the closed-source mod-
els (such as Gemini 1.5 Pro and GPT-4o mini) achieve a
higher overall performance in 4D object captioning com-
pared to open-source models, where their GPT-Eval scores
are higher than 3 (out of a maximum score of 5). In contrast,
among open-source models, only Qwen2-VL 72B achieves
the GPT-Eval score above 3. Notably, in terms of appear-
ance understanding, open-source models demonstrate com-
petitive performance with their closed-source counterparts,
with models like LLaVA-Video 7B and Qwen2-VL 72B
achieving GPT-Appearance scores (3.235/5 and 3.324/5, re-
spectively) comparable to Gemini 1.5 Pro (3.311/5). How-
ever, when it comes to action understanding, there exists
a noticeable gap between open-source and closed-source

Model Original(%) Frame Order(%) w/ Time Stamp(%)

MiniGPT4-Video [6] 23.17 17.58 (↓5.59) 17.18 (↓5.99)
VideoChat2 [48] 32.36 33.95 (↑1.59) 23.04 (↓9.32)
InternVL2 8B [20] 32.09 38.88 (↑6.79) 33.69 (↑1.60)
LLaVA-OneVision 7B [43] 53.00 51.40 (↓1.60) 53.53 (↑0.53)
LLaVA-Video 7B [102] 56.86 59.25 (↑2.39) 57.52 (↑0.66)
Qwen2-VL 7B [88] 56.99 49.80 (↓7.19) 57.52 (↑0.53)
InternVL2 76B [20] 43.94 47.54 (↑3.60) 46.07 (↑2.13)
LLaVA-OneVision 72B [43] 61.38 61.25 (↓0.13) 60.59 (↓0.79)
LLaVA-Video 72B [102] 62.32 62.72 (↑0.40) 61.92 (↓0.40)
Qwen2-VL 72B [88] 58.72 54.46 (↓4.26) 59.25 (↑0.53)
Gemini 1.5 Flash [74] 51.80 51.80 (↑0.00) 52.86 (↑1.06)
GPT-4o mini [3] 54.59 53.66 (↓0.93) 53.79 (↓0.80)
Gemini 1.5 Pro [74] 59.52 58.72 (↓0.80) 59.25 (↓0.27)
GPT-4o [3] 62.98 60.85 (↓2.13) 63.12 (↑0.14)

Average 50.69 50.13 (↓0.56) 49.95 (↓0.74)

Table 3. Robustness study of 4D object QA experiment. Green
arrows (↑) indicate improvement over Original Setting’s Overall
accuracy, while red arrows (↓) show decline.

models. Closed-source models like GPT-4o and Gemini 1.5
Pro maintain stronger performance in GPT-Action (3.258/5
and 2.983/5, respectively), while open-source alternatives
show relatively weaker capabilities in this aspect, typically
scoring below 2.8.

4.5. Discussions

Robustness evaluation. We propose the following two
concerns: (1) In the original experiment design, we feed
frames into the MLLMs by preserving the viewpoint or-
der—that is, all frames from viewpoint 1 were input first,
followed by all frames from viewpoint 2. How would the re-
sults differ if we prioritized temporal order instead? (2) In
the original experimental design, we didn’t include times-
tamp information for each image in the prompt (since they
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Figure 7. Effect of view number and temporal sampling on
the 4D object QA performance., evaluated on Gemini 1.5 Flash.
Left: Accuracies across different numbers of views with fixed 6
frames. Right: Accuracies across different temporal frequencies
with fixed 3 views.

were all short videos). What would the results be if we in-
cluded timestamp information?

To answer those questions, we run corresponding exper-
iments on 4D object QA and the results are shown in Tab. 3.
The minor variations in model performance across different
input configurations (temporal vs. viewpoint-first ordering
and with/without timestamps) demonstrate the robustness
of our original experimental design.
Impact of view number and sampling frequency. We
study MLLMs’ performance by varying the number of
views and sampling frequency of video frames fed into the
model independently. For 4D object question answering,
Fig. 7 shows consistent accuracy improvements with both
increased views (41.3% to 53.7% with fixed frames) and in-
creased sampling frequencies (46.3% to 53.7% with fixed
views), confirming that our questions effectively require
both multi-view and temporal understanding rather than be-
ing solvable from limited viewpoints or timestamps.

For 4D object captioning, Fig. 8 shows that increasing
the number of views from 1 to 6 improves the GPT-Eval
scores from 2.79 to 2.98. For temporal sampling, increasing
frames from 1 to 3 boosts the GPT-Eval score from 2.48 to
2.89, and a sampling frequency of 6 further improves the
GPT-Eval score to 2.96.

However, we observed that performance does not im-
prove much beyond 3 views or 6 frames and even degrades
in some cases, highlighting limitations in long-context pro-
cessing and the need for better view/frame selection. To val-
idate this, we compared random view input against a man-
ually selected view. This targeted view selection improved
the overall performance by 3.6% , underscoring the impor-
tance of developing view selection and dynamic frame sam-
pling methods.
How to improve the 4D understanding ability of
MLLMs. We explore potential directions to enhance the
4D understanding capabilities of MLLMs. First, we explore
incorporating the chain-of-thought (CoT) into 4D object un-
derstanding, where we test Qwen2-VL 7B with and without
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Figure 8. Effect of view number and temporal sampling on
the 4D object captioning performance. Tested on Qwen2-VL
7B. Left: GPT-Eval scores across different numbers of views with
fixed 6 frames. Right: GPT-Eval scores across different temporal
frequencies with fixed 3 views.

CoT prompting. Yet, applying COT leads to a 9.72% drop
in accuracy, which aligns with findings from VSI-Bench
[94]. These results indicate that traditional language-based
CoT may not transfer effectively to visual reasoning, and
vision-based CoT paradigms are needed.

Second, we investigated the model’s deficiency in ob-
ject counting tasks. We hypothesised that the challenge lies
not in the absence of counting ability, but in the model’s
difficulty in fusing information and forming consistent cor-
respondences across views and time. To test this, we de-
sign a prompt that integrates human-like counting strate-
gies, such as selecting a canonical viewpoint, leveraging
auxiliary views to resolve occlusions, and tracking object
entries and exits over time. The prompt improved Qwen2-
VL 7B’s performance by 5.51%, indicating proper guidance
can unlock latent capabilities of MLLMs.

5. Conclusion
We present 4D-Bench, a novel benchmark for assessing the
4D object understanding capabilities of MLLMs. Com-
pared with benchmarks for 2D image and video understand-
ing, 4D-Bench is 4D-object-centric, providing 4D objects
with diverse categories for benchmarking MLLMs. 4D-
Bench presents two tasks regarding 4D object question an-
swering and 4D object captioning, necessitating multi-view
spatial-temporal understanding. Benchmarking results re-
veal that the capabilities of existing MLLMs are limited
in understanding 4D objects. We hope that 4D-Bench fa-
cilitates the development of MLLMs in 4D object under-
standing and other related research areas. For example,
our benchmark on 4D object captioning fills in the gap
of quantitatively evaluating 4D object captioning perfor-
mance, which drives research on leveraging MLLMs to gen-
erate high-quality text descriptions for 4D objects to im-
prove text-to-4D generative models. Our benchmark on 4D
object QA enables the community to conduct an in-depth
research of the capabilities of MLLMs in specific aspects.
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