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Figure 1. Overview of Region-level 4D Understanding. 4D region-level VQA, e.g., our R4D-Bench, requires MLLMs to be able to track
regions (2D), perceive depth (3D), and temporal progression (4D). Baseline MLLMs cannot recognize one or more of these aspects and thus
fail to answer questions correctly. With our distillation framework, our 4D-RGPT better perceives these aspects and answers accurately. We
note that the regions labeled with (*) are not provided in R4D-Bench; they are visualized for readability.

Abstract

Despite advances in Multimodal LLMs (MLLMs), their
ability to reason over 3D structures and temporal dynam-
ics remains limited, constrained by weak 4D perception
and temporal understanding. Existing 3D and 4D Video
Question Answering (VQA) benchmarks also emphasize
static scenes and lack region-level prompting. We tackle
these issues by introducing: (a) 4D-RGPT, a specialized
MLLM designed to capture 4D representations from video
inputs with enhanced temporal perception; (b) Perceptual
4D Distillation (P4D), a training framework that trans-
fers 4D representations from a frozen expert model into
4D-RGPT for comprehensive 4D perception; and (c) R4D-
Bench, a benchmark for depth-aware dynamic scenes with
region-level prompting, built via a hybrid automated and
human-verified pipeline. Our 4D-RGPT achieves notable
improvements on both existing 4D VQA benchmarks (+5.3%
across 6 benchmarks) and the proposed R4D-Bench bench-
mark (+4.3%). Project page: https://www.ca-joe-
yang.com/resource/projects/4D_RGPT/.

†This work was done during an internship at NVIDIA.

1. Introduction
By integrating visual inputs with Large Language Mod-
els (LLMs) [1, 14, 46, 76], Multimodal LLMs (MLLMs)
demonstrate remarkable capabilities in complex understand-
ing across vision and language modalities. However, current
MLLMs, even proprietary models such as GPT-4o [45], of-
ten struggle with highly specialized tasks that require fine-
grained spatial1 and temporal visual understanding.

In this paper, we advance MLLMs for one such chal-
lenging task: Region-level 4D Understanding. This unique
problem combines two critical aspects: (1) 4D understand-
ing, which demands answering questions regarding depth
information, temporal dynamics, or object interactions in
3D space over time; and (2) region-level understanding,
which requires grounding language queries to specific vi-
sual regions for controllable input. Region-level 4D VQA
is essential for demanding real-world applications, such as
autonomous driving and industrial inspection, where 4D in-
formation is critical and user queries must precisely target
specific regions rather than rely on ambiguous descriptions.
As an example, in Fig. 1, the 4D question “What is the aver-

1We use “spatial” in this paper to refer to 3D (i.e., 2D + depth), rather
than 2D as in several general video understanding works.
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age speed ofhR1i?” speci�cally targets the speed of the car
marked by the purple bounding box hR1i.

To achieve 4D understanding, previous works mainly rely
on conventional Supervised Fine-Tuning (SFT) [23, 43, 75,
84] or Reinforcement Learning (RL) [28, 42, 47, 58, 74]
paradigms, optimizing primarily over the �nal text output
using self-curated data. However, due to the dif�culty of cu-
rating large-scale, well-annotated dynamic video data, these
works often struggle with dynamic scenarios. In region-level
4D VQA, having strong 4D understanding is even more
critical, as it requires tracking region movement over time.
More recently, several works [8, 9, 11, 15, 73, 88, 89] ex-
ploit external models to inject 3D knowledge into MLLMs
to improve spatial understanding capabilities. However, ex-
ternal 3D knowledge mainly helps understand static videos,
without fully achieving 4D understanding. Moreover, these
approaches often integrate additional modules into the archi-
tecture, introducing additional inference burdens.

To address these challenges, we propose 4D-RGPT, a spe-
cialized MLLM with effective 4D perception and thus better
4D understanding capabilities. 4D perception refers to the
ability to extract low-level 4D perceptual knowledge, e.g.,
depth and optical �ow. Speci�cally, 4D-RGPT perceives
4D knowledge via our proposed Perceptual 4D Distillation
(P4D) training-only framework. P4D adopts both latent and
explicit distillation processes to effectively distill 4D percep-
tual knowledge from an expert 4D teacher model into the
student 4D-RGPT. Notably, unlike previous works, P4D con-
tains only training-only modules, incurring no additional
inference cost. Finally, we introduce Timestamp Positional
Encoding (TPE) to provide explicit temporal cues, enhancing
MLLMs' temporal perception capability.

Finally, while various 3D/4D VQA benchmarks have
been proposed recently [15, 22, 30, 56, 79, 91], they often
lack either region-prompted questions or suf�cient 4D un-
derstanding challenges. As demonstrated in Fig. 1, this lim-
itation prevents comprehensive evaluation of region-based
4D VQA capabilities, namely, answering questions about
speci�c regions (e.g.,hR1i) in a 4D context. To bridge this
gap, we construct R4D-Bench, a new benchmark contain-
ing both static and dynamic scene understanding tasks with
region-based 4D questions.

Our experiments show that 4D-RGPT improves over
the baseline on both non-region-based 3D/4D benchmarks
(+5:3% on average across 6 benchmarks) and our region-
based R4D-Bench benchmark (+4:3%), while effectively
capturing explicit 4D signals.
Our main contributions are as follows:
• We propose 4D-RGPT (Sec. 4.1), a specialized MLLM

that perceives 4D information for enhanced understanding.
• We propose the P4D (Sec. 4.2) training framework to

distill 4D perceptual knowledge into 4D-RGPT without
introducing additional inference cost.

Table 1. Comparison among 3D / 4D VQA Benchmarks. Exist-
ing benchmarks either lack dynamic video data or region prompts,
while our R4D-Bench is the �rst to provide both at scale. All bench-
marks are downloaded from of�cial sources as of August 2025, and
the numbers of VQA might differ from the original papers. Static
videos contain only camera movement, while dynamic videos con-
tain both camera and object movement.yWe only adopt real-world
videos from the VLM4D benchmark.

Dataset Regions Input Type FPS # Visual # QA

SAT-real [56] 7 Images - 196 150
MMSI-Bench [79] 7 Images - 2.5k 1.0k
OmniSpatial [22] 7 Images - 561 1.5k
VSTI-Bench [15] 7 Static Video 24 312 6k
STI-Bench [30] 7 Dynamic Video 10 � 30 369 2k
VLM4D-realy [91] 7 Dynamic Video 12 � 24 600 1k

R4D-Bench (Ours) X Dynamic Video 10 � 30 780 1.5k

• We introduce R4D-Bench (Sec. 5), a region-based 4D VQA
benchmark that requires region-level 4D understanding.

2. Related Work

2.1. Multimodal LLMs (MLLMs)

The success of LLMs [1, 3, 14, 46, 65, 66, 76] has inspired
various MLLMs [12, 31, 33, 34, 38, 45, 52, 61] for multi-
modal understanding or generation. While several works [17,
37, 57, 59, 81, 90] excel at video understanding, they lack
specialization in region-level or 3D/4D tasks.

Region-Level MLLMs understand speci�ed regions within
visual inputs. Earlier works [6, 7, 24, 39, 48, 51, 63, 69, 87,
92] use bounding box coordinates as text prompts, while oth-
ers [11, 32, 41, 44, 70, 85] extract Region of Interest (RoI)
visual features. Visual markers [5, 25, 72, 77] provide intu-
itive region indication. However, region-level video under-
standing remains challenging, especially for dynamic scenes
where user queries provide sparse region annotations with-
out temporal tracking (Fig. 1). While recent works [11, 19]
address this, they do not fully explore 4D dynamic scenarios.
We propose 4D-RGPT (Sec. 4.1) to interpret 4D spatio-
temporal knowledge without 4D annotations during training.

3D/4D MLLMs focus on spatial and temporal understand-
ing. Previous works [8, 11, 15, 21, 29, 47, 56, 60, 75, 88]
enhance MLLMs with depth or 3D reconstruction models but
require additional modules, introducing inference costs. Oth-
ers use SFT [23, 43, 75, 84] or RL [28, 42, 47, 58, 74] with
text-based supervision, which is insuf�cient for 4D percep-
tion. We propose P4D (Sec. 4.2) to enhance 4D perception
without modifying the architecture. Prior works [53, 68]
distill into vision-only encoders, e.g., ViT, VideoMAE.
3DRS [21] employs distillation for static 3D scenes, while
P4D addresses dynamic scenes.



Figure 2. Perceptual 4D Distillation (P4D) framework for 4D-RGPT. For each frameI (i) in V , 4D-RGPT extracts 4D representations
through training-only modules, i.e.,D4DPandDm for m 2 M . This includes both latent features, i.e.,F̂4D, and explicit signals, e.g., depth
P̂depth or optical �ow mapsP̂ flow . We also incorporate timestamp positional encodings (TPE) to provide temporal cues for 4D-RGPT to be
temporally aware. In the P4D framework, the frozen teacher, i.e., 4D perception model, captures 4D expert knowledge fromV . It is then
distilled to the student 4D-RGPT via two strategies. (a) Latent Distillation (LD): We align the latentF̂4D with the teacher's intermediate 4D
embeddingsF4D. (b) Explicit Distillation (ED): We align the explicit̂Pm with the teacher's �nal 4D signalsPm . 4D-RGPT is optimized
end-to-end using both SFT loss and the distillation losses, i.e., LLD and LED.

2.2. 3D/4D VQA Benchmarks

Several benchmarks evaluate MLLMs' 3D and 4D under-
standing. OmniSpatial [22], VSTI-Bench [15], SAT [56],
and MMSI-Bench [79] focus on 3D spatial understanding
in images. STI-Bench [30] is a pioneering work that intro-
duces 4D VQA on both static and dynamic videos, while
VLM4D [ 91] focuses on semantic understanding in dy-
namic videos. However, these benchmarks lack region-level
prompting or suf�cient dynamic video data (Tab. 1). We
introduce R4D-Bench (Sec. 5) with region-level prompts and
diverse 4D understanding tasks.

3. Preliminaries and Notations

We brie�y review the background and introduce notation for
an MLLM and a 4D perception model.

Multimodal LLMs extend the understanding capabilities
of LLMs to visual inputs such as images and videos. The
architecture typically consists of: (a)EV: a vision encoder for
input visuals, e.g., images or videos; (b)EP: a multi-modal
projector that aligns the visual and textual features within a
shared space; (c)LLM: an auto-regressive model that takes in
both features and generates output hidden states or tokens
in a step-by-step manner; (d)Dhead: a linear head layer that
maps the hidden states to the �nal vocabulary space for text

generation.
4D Perception Models, e.g., L4P [2], encode a latent feature
from input visuals for multiple 4D low-level representations.
They consist of a uni�ed encoderE4D and specialized de-
codersDm for each 4D modalitym 2 M . Each 4D modality
m 2 M describes some per-pixel 4D properties of the input
video. For example,m can be either “depth,” which de-
scribes the per-pixel depth values, or “�ow,” which describes
the per-pixel optical �ow between adjacent frames.

We denote the input video asV = [I (n) ]n=1:N with each
image frameI (n) 2 RH�W �3 . Here,N is the number of
input frames and(H; W) is the spatial size. GivenV , we
can acquire its 4D latent representation as follows,

F4D = E 4D(V ) 2 R N 0�h 0�w 0�c 0
; (1)

whereN 0; h0; w0 are the down-sampled number of frames,
height, and width ofE4D's outputs andc0 is the number of
output channels.

For eachm, the decoderDm decodesF4D to its corre-
sponding low-level representation, i.e.,

Pm = D m (F 4D): (2)

We use the following 4D modalitiesM in this work: (a)
m = depth whereP (n)

depth 2 RH�W �1 describes the per-

pixel depth values; (b)m = flow whereP (n)
flow 2 RH�W �2

describes the per-pixel optical �ow between adjacent frames;



(c) m = motion whereP (n)
motion 2 RH�W �1 describes

whether a pixel is moving or static in 3D space; (d)m =
camraywhereP (n)

camray 2 RH�W �6 describes the per-pixel
Plucker ray maps.

4. Approach

Overview. Given a videoV and a questionQ, an MLLM
responds with an answerA autoregressively. To tackle the
complex, dynamic scenes presented in 4D VQA benchmarks,
we develop an MLLM that can better answer questions by
incorporating 4D knowledge from a teacher model and lever-
aging low-level representations, e.g., depth and �ow, over
time. To this end, we design 4D-RGPT to capture both latent
4D features and explicit 4D signals fromV with training-
only modules. These 4D representations enable the model to
better perceive 4D knowledge during training, without intro-
ducing additional inference cost. Additionally, to accurately
capture temporal progression for answering 4D questions,
we introduce Timestamp Positional Encoding (TPE) to pro-
vide explicit temporal cues to the MLLM.

To circumvent the extreme training cost and instability of
training MLLMs from scratch, we introduce our Perceptual
4D Distillation (P4D) framework to distill 4D knowledge
into 4D-RGPT during training. As shown in Fig. 2, we
leverage a frozen expert 4D perception model [2] (teacher),
to supervise both latent and explicit 4D representations of
4D-RGPT (student). The latent distillation provides inter-
mediate guidance on abstract 4D features, while the explicit
distillation ensures accurate extraction of interpretable low-
level 4D signals. We describe the 4D-RGPT architecture
in Sec. 4.1 and the P4D framework in Sec. 4.2.

4.1. 4D­RGPT

Given an input videoV with N sampled frames[I (n) ]Nn=1 ,
and the timestampsft (n) gN

n=1 of each frame, our 4D-
RGPT consists of training-only 4D perception modules
that can extract 4D representations for distillation in
P4D (Sec. 4.2). Moreover, 4D-RGPT can perceive temporal
progression by incorporating timestamp positional encodings
into input visual features. In short, we use a 4D perception
decoderD4DP to extract latent 4D features and prediction
heads Dm for m 2 M to extract explicit 4D signals.
Latent 4D Representations. To capture latent 4D repre-
sentations for P4D, we extract̂F4D from the input video.
Through the video encoderEV, multi-modal projectorEP,
andLLM, each frameI (n) is encoded as hidden state fea-
turesF (n)

hidden 2 Rh�w�c , wherel = hw is the number of
per-image tokens,(h; w) is the spatial size of visual features,
andc is the hidden dimension. We introduce a training-only
MLP as a 4D perception decoderD4DPon top of the MLLM
to decode latent 4D representationsF̂ (n)

4D . Speci�cally, we
�rst sample and resize (Rearrange) the hiddenF (n)

hidden to

match the target shape of(N 0; h0; w0) in Eq. 1. Thus, for
each down-sampled frame n0 2 [1; N 0], we have

F̂ (n 0)
4D = D 4DP

�
Rearrange(F (n)

hidden )
�

: (3)

Explicit 4D Representations. AlthoughF̂4D can capture
rich 4D features, explicit 4D signals, e.g., depth maps, are
more interpretable and provide unambiguous supervision.
To capture explicit 4D representations for P4D, we extract
explicit 4D signalsP̂m givenF̂4D via the training-only pre-
diction headsDm from the frozen 4D perception model.
Speci�cally, for each m 2 M, we have

P̂m = D m (F̂4D): (4)

Timestamp Positional Encoding (TPE). Accurate temporal
perception, such as “when” an event occurred and “how long”
an action took, is fundamental to 4D VQA. For example,
to answer “What is the average speed of the car?,” even if
the MLLM can perceive depth and knows its displacement,
it still needs to understand the time duration of the video
to compute speed. Incorrect temporal perception can lead
to signi�cant errors in acquiring the displacement over the
correct time duration, i.e., speed.

We observe that MLLMs struggle with temporal percep-
tion when there are no explicit time cues (see the experiments
in Sec. 6.3 and Tab. 6). To provide temporal cues, we encode
timestamps directly into the MLLM's visual input as posi-
tional encodings. That is, for each input frameI (n) from
videoV that is sampled at timet (n) , we add a sinusoidal
timestamp positional encodingp(n) 2 RD to the visual
features EV(I (n) ) before feeding them into the EP, where

p(n) [2i] = sin
�

t (n)

T
2i
D

�
and p(n) [2i + 1] = cos

�
t (n)

T
2i
D

�
:

(5)
Here T is the maximum timescale and i is the index.

4.2. Perceptual 4D Distillation (P4D)

To answer 4D questions, MLLMs must understand not only
semantic content but also various aspects of 4D knowledge,
such as sub-pixel movements and numeric depth values. For
example, to answer “Is the person moving closer to the cam-
era?”, the MLLM must compare the depth values of the
person across frames. Recent 3D/4D specialized MLLMs
either rely on self-curated training datasets or exploit exter-
nal models to enhance 3D knowledge. However, both are
insuf�cient for MLLMs to fully achieve 4D understanding.
Moreover, introducing external modules results in additional
inference costs. Therefore, a mechanism that provides direct
supervision on the MLLM's internal 4D perception capabili-
ties without introducing additional modules is desirable.

To this end, we propose our P4D framework. We leverage
L4P [2] as the frozen expert 4D perception model (teacher) to



Figure 3. Curation pipeline of our R4D-Bench. Given existing non-region 4D VQA benchmarks, we (a) �rst extract the noun keywords
from the question as candidates for objects of interest. (b) Next, if ground truth segmentation masks are provided, we use them for step (d).
Otherwise, we use off-the-shelf GroundingDINO [36] and SAM2 [55] to extract segmentation masks for each object of interest. (c) We
generate a SoM [77] image for the �rst frame. (d) We prompt Qwen-2.5VL [52] with the SoM image and the processed question to match
the objects referred to in the question with the regions. (e) Finally, the generated matching results are veri�ed by human experts.

transfer its expert representations to our student, 4D-RGPT.
We use the same architecture and pre-trained weights as
provided in their paper. To ensure comprehensive knowl-
edge transfer, we propose dual-branch distillation: latent
distillation and explicit distillation.
Latent Distillation. We start by introducing latent distil-
lation to supervise the MLLM's latent 4D representations,
i.e., F̂4D, on the latent space. Latent distillation serves as
intermediate 4D guidance to the MLLM on the latent space.
Speci�cally, our latent distillation lossL LD is de�ned to pull
the margin� LD between the latent 4D features from the
teacher model F4D and those from the student modelF̂4D:

L LD =
N 0
X

n 0=1

� LD(F (n 0)
4D ; F̂ (n 0)

4D ): (6)

Explicit Distillation. On the other hand, we introduce ex-
plicit distillation to supervise the MLLM's explicit 4D rep-
resentations, i.e.,̂Pm , on the signal space. Explicit distilla-
tion provides direct, interpretable supervision to ensure the
MLLM captures accurate 4D signals inM . Speci�cally, our
explicit distillation lossL EDis de�ned to pull the margin� m

between the explicit 4D signals from the teacher modelPm

and those from the student modelP̂m :

L ED=
NX

n=1

X

m2M

� m � m (P (n)
m ; P̂ (n)

m ); (7)

where �m describes the loss weights of each m.
Training. We optimize our 4D-RGPT using both SFT and
P4D. The overall loss function is a combination of the stan-
dard cross-entropy SFT lossL SFT, latent distillation lossL LD,
and explicit distillation lossL ED. We train on various 3D / 4D
conversation datasets, including RoboFAC [40], SAT [56],
VSTI-Bench [15] (the training split), and Wolf [27]. Please
refer to the supplementary material for more training details.

5. R4D-Bench

Recently, there has been signi�cant progress in 3D/4D
VQA [15, 22, 30, 56, 79, 91]. Several new benchmarks

require MLLMs to have depth perception or understand 3D
interactions among objects. However, existing benchmarks
do not evaluate MLLMs on 4D region-based understanding
in complex, real-world scenarios. As shown in Tab. 1, they
lack the following critical properties:
• Lack of Dynamic Scenes: Most focus on indoor scenes

with minimal object interaction or constrained movement,
which do not fully capture the complexity of real-world
object manipulation and dynamic changes.

• Lack of Region Prompting: Region prompts allow con-
trolled and intuitive user queries in VQA. Without this
ability, an MLLM's interpretability and usability in practi-
cal applications are hindered.
To address these gaps, we introduce R4D-Bench (see

the rightmost example in Fig. 3), a novel benchmark that
challenges MLLMs with region-level 4D VQA, where depth
and temporal perception are critical.
Task Formulation. Given an input videoV = [I (n) ]n=1:N

of N frames, a region-prompted 4D questionQ, and a set of
region masksM describing the objects of interest inQ in
I (1) , the task is to respond with the correct or most suitable
answer from a set of options.
Benchmark. We curate R4D-Bench based on existing non-
region-based 4D VQA benchmarks, i.e., STI-Bench [30] and
VLM4D [ 91]. Our pipeline (Fig. 3) employs a hybrid auto-
mated and human-veri�ed process to transform conventional
VQ pairs into highly speci�c region-prompted questions.

The process begins with a non-region-prompted 4D VQA.
In the example of Fig. 3, we are given a video of two persons
and a drone with the query question “How did the person
move the drone?” First, we use Qwen2.5-VL [52] to per-
form keyword extraction (Extract) and identify objects of
interest from the query question, e.g., the person and the
drone. While videos from some sources, e.g., DAVIS [50],
provide annotations of object masks, other real-world videos
lack such detailed annotations. Hence, we leverage state-
of-the-art object detection and segmentation models, i.e.,
GroundingDINO [36] and SAM2 [55], to generate accurate
object masks (Detect & Segment) for the identi�ed objects
of interest. We then apply the segmentation masks with their
corresponding keywords onto the video frame to generate



an image with Set-of-Marks [77]. This serves as an inter-
mediate and potential portrayal of the region-prompted QA
before the �nal step of checking correctness.

Since the objects of interest can be non-unique (e.g., mul-
tiple persons) and segmentation masks can be noisy, ensuring
correct association between extracted keywords and found
regions is critical. We check correctness with both automated
and human-in-the-loop processes. We use Qwen2.5-VL [52]
to automatically match the generated region marks to the en-
tities in the question (Matching). Finally, human annotators
verify and correct any mismatches (Veri�cation). We also
trim videos to ensure all RoIs are visible in the �rst frame.

This concludes our region prompting process. The orig-
inal VQA is transformed into R4D-Bench format, where
entities are replaced by region tokens, e.g., “How didhR1i
move hR2i?” with their corresponding region masks.
Statistics. Our R4D-Bench benchmark consists of 1.4k
region-prompted VQAs. Each question is a multiple-choice
problem with four to �ve answer options. The benchmark
provides region-prompted challenges to semantic and nu-
merical 4D understanding in both static and dynamic scenes.
The static split includes 3 categories: (1) Dimension Mea-
surement; (2) 3D Video Grounding; and (3) Spatial Relation.
The dynamic split includes 6 categories: (1) Counting ob-
jects; (2) Translational movement; (3) Rotational movement;
(4) False Positive detection; (5) Speed & Acceleration esti-
mation; and (6) Displacement & Path Length measurement.
We provide more details for each question type in the sup-
plementary material.

6. Experiments

6.1. Experiment Setup

Benchmarks. We evaluate our 4D-RGPT on various 4D
VQA benchmarks, including our R4D-Bench and exist-
ing ones, i.e., STI-Bench [30], VLM4D-real [91], Om-
niSpatial [22], MMSI-Bench [79], SAT [56], and VSTI-
Bench [15]. Please note that the �rst four benchmarks are
testing-only benchmarks and are disjoint from our training
data. Apart from the numerical questions in VSTI-Bench,
where we report relative accuracy, we report the multiple-
choice accuracy for all other benchmarks.
Comparison Models. We compare our 4D-RGPT with
various proprietary MLLMs, e.g., GPT-4o [45], GPT-5 [46],
Gemini-2.5-Pro [12]; open-source generalized MLLMs, e.g.,
Qwen2.5-VL [52]; and recent 3D/4D specialized MLLMs,
e.g., SpatialReasoner [42], ViLaSR [74], and SpaceR [47].
Architecture. We select a SOTA open-source generalized
MLLM, NVILA-Lite-8B [ 38], as our MLLM backbone,
which uses SigLIP [82] as theEV and Qwen2 [62] as the
LLM. For the 4D perception modelE4D andDm , we follow
the exact architecture and weights of L4P [2]. We document
training setups in the supplementary material.

Table 2. Evaluation on non-region-level 3D / 4D benchmarks.
We report the average multiple-choice accuracy(") on each bench-
mark. For simplicity, we use the following abbreviations: STI (STI-
Bench [30]), V4D (VLM4D-real [91]), MMSI (MMSI-Bench [79]),
OS (OmniSpatial [22]), and VSTI (VSTI-Bench [15]).

Methods STI V4D MMSI OS SAT VSTI

Proprietary General MLLMs
GPT-4o [45] 34.8 60.0 30.3 47.8 57.5 38.2
GPT-5 [46] 39.3 - 40.7 59.9 - -
Gemini-2.5-Pro [12] 41.4 63.5 36.9 55.4 - -
Gemini-1.5-Pro [61] - - - - 64.8 -

Open-source General MLLMs
InternVL2.5-8B [10] - 42.4 28.7 - - -
Qwen2.5-VL-7B [52] 32.1 43.3 25.9 39.2 - -
VideoLLaMA3-7B [83] 35.2 46.5 - - - -
LLaVA-Video-7B [86] - - - - 53.5 -
LLaVA-OneVision-7B [26] 29.0 36.0 24.5 35.7 41.7 -
LLaVA-NeXT-Video-7B [35] 29.9 - 26.8 - - 40.0

Spatial MLLMs
VLM-3R-7B [15] - - - - - 58.8
LLaVA-Video-7B + SAT [56] - - - - 63.4 -
ViLaSR-7B [74] 33.4 46.9 30.2 - - -
SpatialReasoner-7B [42] 31.0 43.4 22.7 - - -
SpaceR-7B [47] 37.051.3 28.8 - 47.8 -

NVILA-Lite-8B [38] 33.8 46.5 31.3 37.2 62.0 45.2
37.6 52.7 33.3 40.4 64.7 59.14D-RGPT-8B (Ours)
+3.8 +6.2 +2.0 +3.2 +2.7 +13.9

6.2. Main Results

We present the effectiveness of 4D-RGPT in Tab. 2 and
Tab. 3, showing improvements over baseline MLLMs.

Non-region-based 4D VQA. In Tab. 2, we evaluate 4D-
RGPT on several non-region-level 3D/4D VQA benchmarks,
including input modalities of both images and videos. We
compare with various state-of-the-art proprietary MLLMs,
open-source general MLLMs, and recent 3D/4D MLLMs.
4D-RGPT consistently improves over the baseline NVILA-
Lite-8B by a large margin across all benchmarks, especially
on VLM4D [91] and VSTI-Bench [15]. Compared to other
MLLMs with similar model sizes, 4D-RGPT achieves SOTA
performance over open-source MLLMs and competitive per-
formance with GPT-4o [45]. Please note that SpatialRea-
soner [42], ViLaSR [74], and SpaceR [47] are all trained
with RL to further boost accuracy.

R4D-Bench. In Tab. 3, we present quantitative comparisons
of our 4D-RGPT on R4D-Bench against other MLLMs. For
fair comparison, we use SoM [77] to indicate the regions of
interest for all MLLMs. Additionally, for all open-source
MLLMs and 4D-RGPT, we use the same number of sam-
pled frames, i.e., 16 frames. We observe that although
SpaceR [47] outperforms Qwen2.5-VL [52] in Tab. 2, it falls
behind on R4D-Bench, suggesting that SpaceR is highly
tuned for non-region VQA and its region understanding is



Table 3. Evaluation on R4D-Bench. We report performance on the static split (Sta), the
dynamic split (Dyn), and all 9 tasks of R4D-Bench. For simplicity, we abbreviate them as
follows: 3D Video Grounding (VG); Dimension Measurement (DM ); Spatial Relationship
(SR); Rotational (R); Counting (C); Translational (T); False Positive (FP); Speed &
Acceleration (SA); and Displacement & Path Length (DP).

Methods Avg Sta Dyn VG DM SR R C T FP SA DP

Random 23.4 20.0 24.7 20.0 20.0 20.0 25.0 25.0 25.0 25.0 20.0 20.0

GPT-4o [45] 42.8 30.3 47.5 30.7 26.8 43.9 49.1 35.2 51.8 54.1 27.0 10.7

Qwen2.5-VL-7B [52] 40.6 34.1 43.1 39.1 25.7 48.8 50.0 38.4 46.6 28.9 45.9 28.6
LLaVA-Video-7B [86] 39.7 26.9 44.6 23.4 28.4 36.6 46.2 30.2 50.4 33.6 48.6 35.7

ViLaSR-7B [74] 39.6 31.5 42.6 34.4 24.6 48.8 46.2 42.8 51.3 3.7 43.2 17.9
SpatialReasoner-7B [42] 38.3 31.2 41.0 35.4 25.7 36.6 43.4 37.1 49.3 11.9 32.4 17.9
SpaceR-7B [47] 37.0 26.2 41.1 30.7 18.0 41.5 47.2 40.3 43.8 25.9 51.4 21.4

NVILA-Lite-8B [38] 37.9 29.1 41.3 33.9 20.2 46.3 41.5 39.6 41.9 40.7 45.9 32.1
42.2 32.9 45.7 35.1 26.3 52.2 43.1 40.1 48.7 40.2 50.9 38.94D-RGPT-8B (Ours)
+4.3 +3.8 +4.4 +1.2 +6.1 +5.9 +1.6 +0.5 +6.8 -0.5 +5.0 +6.8

Table 4. Alternative strategies for 4D
VQA. We compare P4D with direct SFT
(4D-SFT) and straightforward designs of
incorporatingF4D from the 4D perception
model, i.e., 4D-Concat and 4D-PE. For
simplicity, we use the same abbreviations
as in Tab. 3 and STI for STI-Bench [30].

Methods F4D STI
R4D-Bench

Avg Sta Dyn

Zero-shot 7 33.8 37.9 29.1 41.3

4D-SFT 7 34.7 40.1 32.2 43.8
4D-Concat X 34.8 39.5 30.6 42.9
4D-PE X 31.3 36.0 26.6 39.5

Ours (P4D) X 37.6 42.2 32.9 45.7

Figure 4. VQA comparison among baseline MLLMs and 4D-
RGPT on R4D-Bench. For the baseline MLLMs, we use GPT-4o-
20241120 [45], Qwen-2.5VL-7B-Instruct [52], and NVILA-Lite-
8B [38]. We note that the regions labeled with(*) or (*) are not
provided in R4D-Bench; they are visualized for readability.

weakened. Overall, 4D-RGPT achieves the best performance
among all open-source MLLMs by at least1:6%on average
and 2:6% on the dynamic split.

In Fig. 4, we showcase two cases of 4D-RGPT against
other MLLMs on R4D-Bench. In both cases, the regions of
interest are constantly moving. Only 4D-RGPT effectively
perceives the 4D dynamics and provides the correct answers.

6.3. Ablation Studies

To justify our various designs, we conduct extensive ablation
studies and analysis. For most experiments in this subsec-
tion, we report results on STI-Bench [30] and the static and
dynamic question subsets of R4D-Bench. Without speci�c

notes, we use the same training data, and all other compo-
nents are kept identical unless speci�ed.

Alternative Strategies. Besides P4D, there are other strate-
gies to utilize 4D conversation data or the latent featureF4D

from the 4D perception models to enhance MLLMs' 4D un-
derstanding. First, denoted as 4D-SFT, we apply solely SFT
to the entire MLLM without access toF4D. Additionally,
there are two straightforward ways to leverageF4D. Denoted
as 4D-Concat, we directly concatenateF4D with the 2D vi-
sual featuresE V(V ) . We note that this requires additional
training onEP as the dimension differs from the original
visual features. On the other hand, denoted as 4D-PE, we
projectF4D to positional encodings (PE) for the visual fea-
tures, similar to the spatial PE proposed in SR-3D [11].

As shown in Tab. 4, apart from 4D-PE, both 4D-SFT and
4D-Concat improve over the Zero-shot baseline. However,
they all fall short compared to P4D. Moreover, 4D-Concat
and 4D-PE require additional inference costs as they need to
computeF4D for each input during inference. In comparison,
P4D requires solely training-only 4D perception modules,
making 4D-RGPT as ef�cient as Zero-shot during inference.

Perceptual 4D Distillation. To validate the effectiveness of
P4D, we experiment with various distillation strategies used
in latent distillation (L LD in Eq.(6)) and explicit distillation
(L ED in Eq. (7)). In Tab. 5, we ablate different combinations
of distillation onF̂4D andP̂m .

We �rst observe that applyingL LD alone (LD-only) im-
proves the performance over the Zero-shot baseline by2:3%
on R4D-Bench. ForL ED, adding morem 2 M incremen-
tally improves the performance steadily, withm = depth
andm = flow being the most effective ones (see LD+D
and LD+D+F). WhileL EDalone (ED-only) also improves
the performance on R4D-Bench by1:9%, combining both
(LD+ED) achieves the best average performance, showing



Table 5. Analysis of 4D modalities in P4D. We ablate the effective-
ness of different combinations of distillation in latent distillation
(LD) on F̂4D and explicit distillation (ED) onP̂m . For simplicity,
we use the same abbreviations as Tab. 4 and Depth (D), Flow (F),
Motion (M), and Camray (C) for each m 2 M.

Methods F̂4D
P̂m STI

R4D-Bench

D F M C Avg Sta Dyn

Zero-shot 7 7 7 7 7 33.8 37.9 29.1 41.3

LD-Only X 7 7 7 7 34.2 40.2 32.0 43.3
LD+D X X 7 7 7 33.4 40.8 32.5 44.0
LD+D+F X X X 7 7 36.2 41.9 33.1 45.3
LD+D+F+M X X X X 7 36.5 42.0 33.1 45.4
ED-Only 7 X X X X 35.4 39.8 31.5 42.9

Ours (LD+ED) X X X X X 37.6 42.2 32.9 45.7

Figure 5. Predicted depth maps at different training steps. We
visualize the progress of̂Pdepth throughout training.

Table 6. Ablation studies on explicit temporal cues. We experi-
ment without and with different choices of explicit time cues. For
simplicity, we use the same abbreviations as Tab. 4.

Methods Time cues STI
R4D-Bench

Avg Sta Dyn

Zero-shot 7 33.8 37.9 29.1 41.3

P4D 7 34.8 41.0 31.8 44.5
P4D+mark marks 35.1 41.1 31.5 44.7
P4D+prompt prompts 36.1 41.5 32.1 45.0

Ours (P4D+TPE) TPE 37.6 42.2 32.9 45.7

the complementary bene�ts of both LD and ED.

4D Perception Visualization. In Fig. 5, we visualize the
progress of how 4D-RGPT learns to extract 4D signals
through P4D. We show a video from our training set [40]
with extractedP̂depth at various steps.̂Pdepth is barely mean-
ingful at �rst but gradually captures the 3D structure of the
scene as training proceeds. This indicates that P4D suc-
cessfully distills 4D perception capabilities into 4D-RGPT.

Timestamp Positional Encoding (TPE). MLLMs often
struggle with temporal perception when no explicit time
cues are provided. We conduct a controlled toy experiment
to validate this observation by curating a simple benchmark

Table 7. Ablation studies on different training designs in 4D-
RGPT. We ablate different training designs on whether each mod-
ule is trainable and whether to use LoRA [20]. For simplicity, we
use the same abbreviations as Tab. 4.

Methods
Trainable

STI
R4D-Bench

EV EP LLM Avg Sta Dyn

Zero-shot 7 7 7 33.8 37.9 29.1 41.3

Tune-All X X X 34.7 38.8 30.1 42.1
Tune-V X 7 7 32.3 35.8 27.3 39.0
Tune-P 7 X 7 34.3 38.6 29.8 42.0
Tune-LLM 7 7 X 35.4 40.5 32.2 43.7
Tune-LLM-LoRA 7 7 LoRA 37.0 41.1 33.0 44.2
Tune-P+LLM-LoRA 7 X LoRA 36.5 41.4 32.8 44.7

Ours (Tune-P+LLM) 7 X X 37.6 42.2 32.9 45.7

with VQAs that require temporal perception, such as “How
many seconds have passed in the input video?” We observe
that NVILA-Lite-8B [38] is naively guessing the answers, re-
sulting in accuracy close to random guessing. This problem
is further exacerbated by the inconsistency among multiple
sources of data with different frame rates. We detail the toy
experiment in the supplementary material.

Without introducing additional modules, we test two sim-
ple solutions to provide explicit temporal cues to MLLMs.
First, denoted as P4D+mark, we add explicit time marks
similar to SoM [77] on eachI (n) , such as burned-in text
showing the timestamp, e.g., “t (n) s” Second, denoted as
P4D+prompt, we add explicit time information inQ, such
as “The following video frames are sampled from a video 19
seconds long and recorded at 30 frames per second.”

Both P4D+mark and P4D+prompt, as shown in Tab. 6,
can improve 4D VQA performance. However, they require
additional data preprocessing, distract MLLMs from the
main visual and textual content, and do not generalize well
to region-level settings, i.e., R4D-Bench. Our P4D+TPE
consistently improves performance across both benchmarks,
as shown in the last row of Tab. 6.
Architecture Design. In Tab. 7, we ablate different designs
on whetherEV, EP, or LLMis trainable or frozen. Our Tune-
P+LLM achieves the best performance by tuning bothEP

andLLM, while keepingEV frozen. This is likely because
EP requires �netuning for TPE and P4D works best onLLM.

7. Conclusion

We show that existing MLLMs struggle with region-level 4D
VQA due to not fully perceiving 4D information. Without
incurring additional inference cost, our 4D-RGPT effectively
improves MLLMs' 4D perception by learning from a 4D
perception model via a novel distillation framework, P4D.
Additionally, we introduce a proper benchmark, R4D-Bench,
for this domain, contributing to region-level 4D VQA. Exten-
sive experiments con�rm the effectiveness of our approach
on both non-region-level and region-level 4D VQA.
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