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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 abil-001
ity to reason over 3D structures and temporal dynamics002
remains limited, constrained by weak 4D perception and tem-003
poral understanding. Existing 3D and 4D Video Question004
Answering (VQA) benchmarks also emphasize static scenes005
and lack region-level prompting. We tackle these issues by006
introducing: (a) 4D-RGPT, a specialized MLLM designed to007
capture 4D representations from video inputs with enhanced008
temporal perception; (b) Perceptual 4D Distillation (P4D),009
a training framework that transfers 4D representations from010
a frozen expert model into 4D-RGPT for comprehensive 4D011
perception; and (c) R4D-Bench, a benchmark for depth-012
aware dynamic scenes with region-level prompting, built via013
a hybrid automated and human-verified pipeline. Our 4D-014
RGPT achieves notable improvements on both existing 4D015
VQA benchmarks and the proposed R4D-Bench benchmark.016

1. Introduction017

By integrating visual inputs with Large Language Mod-018
els (LLMs) [1, 14, 45, 73], Multimodal LLMs (MLLMs)019

demonstrate remarkable capabilities in complex understand- 020
ing across vision and language modalities. However, current 021
MLLMs, even proprietary models such as GPT-4o [44], of- 022
ten struggle with highly specialized tasks that require fine- 023
grained spatial1 and temporal visual understanding. 024

In this paper, we advance MLLMs for one such chal- 025
lenging task: Region-level 4D Understanding. This unique 026
problem combines two critical aspects: (1) 4D understand- 027
ing, which demands answering questions regarding depth 028
information, temporal dynamics, or object interactions in 029
3D space over time; and (2) region-level understanding, 030
which requires grounding language queries to specific vi- 031
sual regions for controllable input. Region-level 4D VQA 032
is essential for demanding real-world applications, such as 033
autonomous driving and industrial inspection, where 4D in- 034
formation is critical and user queries must precisely target 035
specific regions rather than rely on ambiguous descriptions. 036
As an example, in Fig. 1, the 4D question “What is the aver- 037
age speed of ⟨R1⟩?” specifically targets the speed of the car 038
marked by the purple bounding box ⟨R1⟩. 039

To achieve 4D understanding, previous works mainly rely 040

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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on conventional Supervised Fine-Tuning (SFT) [22, 42, 72,041
81] or Reinforcement Learning (RL) [27, 41, 46, 56, 71]042
paradigms, optimizing primarily over the final text output043
using self-curated data. However, due to the difficulty of cu-044
rating large-scale, well-annotated dynamic video data, these045
works often struggle with dynamic scenarios. In region-level046
4D VQA, having strong 4D understanding is even more047
critical, as it requires tracking region movement over time.048
More recently, several works [8, 9, 11, 15, 70, 85, 86] ex-049
ploit external models to inject 3D knowledge into MLLMs050
to improve spatial understanding capabilities. However, ex-051
ternal 3D knowledge mainly helps understand static videos,052
without fully achieving 4D understanding. Moreover, these053
approaches often integrate additional modules into the archi-054
tecture, introducing additional inference burdens.055

To address these challenges, we propose 4D-RGPT, a spe-056
cialized MLLM with effective 4D perception and thus better057
4D understanding capabilities. 4D perception refers to the058
ability to extract low-level 4D perceptual knowledge, e.g.,059
depth and optical flow. Specifically, 4D-RGPT perceives060
4D knowledge via our proposed Perceptual 4D Distillation061
(P4D) training-only framework. P4D adopts both latent and062
explicit distillation processes to effectively distill 4D percep-063
tual knowledge from an expert 4D teacher model into the064
student 4D-RGPT. Notably, unlike previous works, P4D con-065
tains only training-only modules, incurring no additional066
inference cost. Finally, we introduce Timestamp Positional067
Encoding (TPE) to provide explicit temporal cues, enhancing068
MLLMs’ temporal perception capability.069

Finally, while various 3D/4D VQA benchmarks have070
been proposed recently [15, 21, 29, 54, 76, 88], they often071
lack either region-prompted questions or sufficient 4D un-072
derstanding challenges. As demonstrated in Fig. 1, this lim-073
itation prevents comprehensive evaluation of region-based074
4D VQA capabilities, namely, answering questions about075
specific regions (e.g., ⟨R1⟩) in a 4D context. To bridge this076
gap, we construct R4D-Bench, a new benchmark contain-077
ing both static and dynamic scene understanding tasks with078
region-based 4D questions.079

Our experiments show that 4D-RGPT improves over080
the baseline on both non-region-based 3D/4D benchmarks081
(+5.3% on average across 6 benchmarks) and our region-082
based R4D-Bench benchmark (+4.3%), while effectively083
capturing explicit 4D signals.084

Our main contributions are as follows:085

• We propose 4D-RGPT (Sec. 4.1), a specialized MLLM086
that perceives 4D information for enhanced understanding.087

• We propose the P4D (Sec. 4.2) training framework to088
distill 4D perceptual knowledge into 4D-RGPT without089
introducing additional inference cost.090

• We introduce R4D-Bench (Sec. 5), a region-based 4D VQA091
benchmark that requires region-level 4D understanding.092

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 first to provide both at scale. All bench-
marks are downloaded from official 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. †We only adopt real-world
videos from the VLM4D benchmark.

Dataset Regions Input Type FPS # Visual # QA

SAT-real [54] ✗ Images - 196 150
MMSI-Bench [76] ✗ Images - 2.5k 1.0k
OmniSpatial [21] ✗ Images - 561 1.5k
VSTI-Bench [15] ✗ Static Video 24 312 6k
STI-Bench [29] ✗ Dynamic Video 10 ∼ 30 369 2k
VLM4D-real† [88] ✗ Dynamic Video 12 ∼ 24 600 1k

R4D-Bench (Ours) ✓ Dynamic Video 10 ∼ 30 780 1.5k

2. Related Work 093

2.1. Multimodal LLMs (MLLMs) 094

The success of LLMs [1, 3, 14, 45, 63, 64, 73] has in- 095
spired various MLLMs [12, 30, 32, 33, 37, 44, 51, 59] for 096
multi-modal understanding or generation. While several 097
MLLMs [36, 55, 57, 78, 87] excel at video understanding, 098
they lack specialization in region-level or 3D/4D tasks. 099

Region-Level MLLMs understand specified regions within 100
visual inputs. Earlier works [6, 7, 23, 38, 47, 50, 61, 66, 84, 101
89] use bounding box coordinates as text prompts, while oth- 102
ers [11, 31, 40, 43, 67, 82] extract Region of Interest (RoI) 103
visual features. Visual markers [5, 24, 69, 74] provide intu- 104
itive region indication. However, region-level video under- 105
standing remains challenging, especially for dynamic scenes 106
where user queries provide sparse region annotations with- 107
out temporal tracking (Fig. 1). While recent works [11, 18] 108
address this, they do not fully explore 4D dynamic scenarios. 109
We propose 4D-RGPT (Sec. 4.1) to interpret 4D spatio- 110
temporal knowledge without 4D annotations during training. 111

3D/4D MLLMs focus on spatial and temporal understand- 112
ing. Previous works [8, 11, 15, 20, 28, 46, 54, 58, 72, 85] 113
enhance MLLMs with depth or 3D reconstruction models but 114
require additional modules, introducing inference costs. Oth- 115
ers use SFT [22, 42, 72, 81] or RL [27, 41, 46, 56, 71] with 116
text-based supervision, which is insufficient for 4D percep- 117
tion. We propose P4D (Sec. 4.2) to enhance 4D perception 118
without modifying the architecture. 3DRS [20] employs 119
distillation for static 3D scenes, while P4D addresses dy- 120
namic scenes with dual distillation on latent and explicit 121
representations to achieve 4D understanding. 122

2.2. 3D/4D VQA Benchmarks 123

Several benchmarks evaluate MLLMs’ 3D and 4D under- 124
standing. OmniSpatial [21], VSTI-Bench [15], SAT [54], 125
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Figure 2. Perceptual 4D Distillation (P4D) framework for 4D-RGPT. For each frame I(i) in V , 4D-RGPT extracts 4D representations
through training-only modules, i.e., D4DP and Dm for m ∈ M. This includes both latent features, i.e., F̂4D, and explicit signals, e.g., depth
P̂depth or optical flow maps P̂flow. 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 from V . It is then
distilled to the student 4D-RGPT via two strategies. (a) Latent Distillation (LD): We align the latent F̂4D with the teacher’s intermediate 4D
embeddings F4D. (b) Explicit Distillation (ED): We align the explicit P̂m with the teacher’s final 4D signals Pm. 4D-RGPT is optimized
end-to-end using both SFT loss and the distillation losses, i.e., LLD and LED.

and MMSI-Bench [76] focus on 3D spatial understanding126
in images. STI-Bench [29] is a pioneering work that intro-127
duces 4D VQA on both static and dynamic videos, while128
VLM4D [88] focuses on semantic understanding in dy-129
namic videos. However, these benchmarks lack region-level130
prompting or sufficient dynamic video data (Tab. 1). We131
introduce R4D-Bench (Sec. 5) with region-level prompts and132
diverse 4D understanding tasks.133

3. Preliminaries134

We briefly review the background and introduce notation for135
an MLLM and a 4D perception model.136

Multimodal LLMs extend the understanding capabilities137
of LLMs to visual inputs such as images and videos. The138
architecture typically consists of: (a) EV: a vision encoder for139
input visuals, e.g., images or videos; (b) EP: a multi-modal140
projector that aligns the visual and textual features within a141
shared space; (c) LLM: an auto-regressive model that takes in142
both features and generates output hidden states or tokens143
in a step-by-step manner; (d) Dhead: a linear head layer that144
maps the hidden states to the final vocabulary space for text145
generation.146

4D Perception Models, e.g., L4P [2], encode a latent feature147
from input visuals for multiple 4D low-level representations.148
They consist of a unified encoder E4D and specialized de-149
coders Dm for each 4D modality m ∈ M. Each 4D modality150

m ∈ M describes some per-pixel 4D properties of the input 151
video. For example, m can be either “depth,” which de- 152
scribes the per-pixel depth values, or “flow,” which describes 153
the per-pixel optical flow between adjacent frames. 154

We denote the input video as V = [I(n)]n=1:N with each 155
image frame I(n) ∈ RH×W×3. Here, N is the number of 156
input frames and (H,W ) is the spatial size. Given V , we 157
can acquire its 4D latent representation as follows, 158

F4D = E4D(V ) ∈ RN ′×h′×w′×c′ , (1) 159

where N ′, h′, w′ are the down-sampled number of frames, 160
height, and width of E4D’s outputs and c′ is the number of 161
output channels. 162

For each m, the decoder Dm decodes F4D to its corre- 163
sponding low-level representation, i.e., 164

Pm = Dm(F4D). (2) 165

We use the following 4D modalities M in this work: (a) 166

m = depth where P
(n)
depth ∈ RH×W×1 describes the per- 167

pixel depth values; (b) m = flow where P (n)
flow ∈ RH×W×2 168

describes the per-pixel optical flow between adjacent frames; 169

(c) m = motion where P
(n)
motion ∈ RH×W×1 describes 170

whether a pixel is moving or static in 3D space; (d) m = 171

camray where P
(n)
camray ∈ RH×W×6 describes the per-pixel 172

Plucker ray maps. 173
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4. Approach174

Overview. Given a video V and a question Q, an MLLM175
responds with an answer A autoregressively. To tackle the176
complex, dynamic scenes presented in 4D VQA benchmarks,177
we develop an MLLM that can better answer questions by178
incorporating 4D knowledge from a teacher model and lever-179
aging low-level representations, e.g., depth and flow, over180
time. To this end, we design 4D-RGPT to capture both latent181
4D features and explicit 4D signals from V with training-182
only modules. These 4D representations enable the model to183
better perceive 4D knowledge during training, without intro-184
ducing additional inference cost. Additionally, to accurately185
capture temporal progression for answering 4D questions,186
we introduce Timestamp Positional Encoding (TPE) to pro-187
vide explicit temporal cues to the MLLM.188

To circumvent the extreme training cost and instability of189
training MLLMs from scratch, we introduce our Perceptual190
4D Distillation (P4D) framework to distill 4D knowledge191
into 4D-RGPT during training. As shown in Fig. 2, our192
framework leverages a frozen expert 4D perception model193
(teacher) to supervise both latent and explicit 4D representa-194
tions of 4D-RGPT (student). The latent distillation provides195
intermediate guidance on abstract 4D features, while the ex-196
plicit distillation ensures accurate extraction of interpretable197
low-level 4D signals. We describe the 4D-RGPT architecture198
in Sec. 4.1 and the P4D framework in Sec. 4.2.199

4.1. 4D-RGPT200

Given an input video V with N sampled frames [I(n)]Nn=1,201
and the timestamps {t(n)}Nn=1 of each frame, our 4D-202
RGPT consists of training-only 4D perception modules203
that can extract 4D representations for distillation in204
P4D (Sec. 4.2). Moreover, 4D-RGPT can perceive temporal205
progression by incorporating timestamp positional encodings206
into input visual features. In short, we use a 4D perception207
decoder D4DP to extract latent 4D features and prediction208
heads Dm for m ∈ M to extract explicit 4D signals.209

Latent 4D Representations. To capture latent 4D repre-210
sentations for P4D, we extract F̂4D from the input video.211
Through the video encoder EV, multi-modal projector EP,212
and LLM, each frame I(n) is encoded as hidden state fea-213
tures F

(n)
hidden ∈ Rh×w×c, where l = hw is the number of214

per-image tokens, (h,w) is the spatial size of visual features,215
and c is the hidden dimension. We introduce a training-only216
MLP as a 4D perception decoder D4DP on top of the MLLM217

to decode latent 4D representations F̂ (n)
4D . Specifically, we218

first sample and resize (Rearrange) the hidden F
(n)
hidden to219

match the target shape of (N ′, h′, w′) in Eq. 1. Thus, for220
each down-sampled frame n′ ∈ [1, N ′], we have221

F̂
(n′)
4D = D4DP

(
Rearrange(F

(n)
hidden)

)
. (3)222

Explicit 4D Representations. Although F̂4D can capture 223
rich 4D features, explicit 4D signals, e.g., depth maps, are 224
more interpretable and provide unambiguous supervision. 225
To capture explicit 4D representations for P4D, we extract 226
explicit 4D signals P̂m given F̂4D via the training-only pre- 227
diction heads Dm from the frozen 4D perception model. 228
Specifically, for each m ∈ M, we have 229

P̂m = Dm(F̂4D). (4) 230

Timestamp Positional Encoding (TPE). Accurate temporal 231
perception, such as “when” an event occurred and “how long” 232
an action took, is fundamental to 4D VQA. For example, 233
to answer “What is the average speed of the car?,” even if 234
the MLLM can perceive depth and knows its displacement, 235
it still needs to understand the time duration of the video 236
to compute speed. Incorrect temporal perception can lead 237
to significant errors in acquiring the displacement over the 238
correct time duration, i.e., speed. 239

We observe that MLLMs struggle with temporal percep- 240
tion when there are no explicit time cues (see the experiments 241
in Sec. 6.3 and Tab. 6). To provide temporal cues, we encode 242
timestamps directly into the MLLM’s visual input as posi- 243
tional encodings. That is, for each input frame I(n) from 244
video V that is sampled at time t(n), we add a sinusoidal 245
timestamp positional encoding p(n) ∈ RD to the visual 246
features EV(I

(n)) before feeding them into the EP, where 247

p(n)[2i] = sin

(
t(n)

T
2i
D

)
and p(n)[2i+ 1] = cos

(
t(n)

T
2i
D

)
.

(5) 248
Here T is the maximum timescale and i is the index. 249

4.2. Perceptual 4D Distillation (P4D) 250

To answer 4D questions, MLLMs must understand not only 251
semantic content but also various aspects of 4D knowledge, 252
such as sub-pixel movements and numeric depth values. For 253
example, to answer “Is the person moving closer to the cam- 254
era?”, the MLLM must compare the depth values of the 255
person across frames. Recent 3D/4D specialized MLLMs 256
either rely on self-curated training datasets or exploit exter- 257
nal models to enhance 3D knowledge. However, both are 258
insufficient for MLLMs to fully achieve 4D understanding. 259
Moreover, introducing external modules results in additional 260
inference costs. Therefore, a mechanism that provides direct 261
supervision on the MLLM’s internal 4D perception capabili- 262
ties without introducing additional modules is desirable. 263

To this end, we propose our P4D framework. We leverage 264
an existing 4D perception model as a teacher to transfer its 265
expert representations to our student, 4D-RGPT. To ensure 266
comprehensive knowledge transfer, we propose dual-branch 267
distillation: latent distillation and explicit distillation. 268
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Figure 3. Curation pipeline of our R4D-Bench. Given existing non-region 4D VQA benchmarks, we (a) first 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 [35] and SAM2 [53] to extract segmentation masks for each object of interest. (c) We
generate a SoM [74] image for the first frame. (d) We prompt Qwen-2.5VL [51] 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 verified by human experts.

Latent Distillation. We start by introducing latent distil-269
lation to supervise the MLLM’s latent 4D representations,270
i.e., F̂4D, on the latent space. Latent distillation serves as271
intermediate 4D guidance to the MLLM on the latent space.272
Specifically, our latent distillation loss LLD is defined to pull273
the margin ∆LD between the latent 4D features from the274
teacher model F4D and those from the student model F̂4D:275

LLD =

N ′∑
n′=1

∆LD(F
(n′)
4D , F̂

(n′)
4D ). (6)276

Explicit Distillation. On the other hand, we introduce ex-277
plicit distillation to supervise the MLLM’s explicit 4D rep-278
resentations, i.e., P̂m, on the signal space. Explicit distilla-279
tion provides direct, interpretable supervision to ensure the280
MLLM captures accurate 4D signals in M. Specifically, our281
explicit distillation loss LED is defined to pull the margin ∆m282
between the explicit 4D signals from the teacher model Pm283
and those from the student model P̂m:284

LED =

N∑
n=1

∑
m∈M

λm∆m(P (n)
m , P̂ (n)

m ), (7)285

where λm describes the loss weights of each m.286

Training. We optimize our 4D-RGPT using both SFT and287
P4D. The overall loss function is a combination of the stan-288
dard cross-entropy SFT loss LSFT, latent distillation loss LLD,289
and explicit distillation loss LED. We train on various 3D / 4D290
conversation datasets, including RoboFAC [39], SAT [54],291
VSTI-Bench [15] (the training split), and Wolf [26]. Please292
refer to the supplementary material for more training details.293

5. R4D-Bench294

Recently, there has been significant progress in 3D/4D295
VQA [15, 21, 29, 54, 76, 88]. Several new benchmarks296
require MLLMs to have depth perception or understand 3D297
interactions among objects. However, existing benchmarks298
do not evaluate MLLMs on 4D region-based understanding299
in complex, real-world scenarios. As shown in Tab. 1, they300
lack the following critical properties:301

• Lack of Dynamic Scenes: Most focus on indoor scenes 302
with minimal object interaction or constrained movement, 303
which do not fully capture the complexity of real-world 304
object manipulation and dynamic changes. 305

• Lack of Region Prompting: Region prompts allow con- 306
trolled and intuitive user queries in VQA. Without this 307
ability, an MLLM’s interpretability and usability in practi- 308
cal applications are hindered. 309
To address these gaps, we introduce R4D-Bench (see 310

the rightmost example in Fig. 3), a novel benchmark that 311
challenges MLLMs with region-level 4D VQA, where depth 312
and temporal perception are critical. 313

Task Formulation. Given an input video V = [I(n)]n=1:N 314
of N frames, a region-prompted 4D question Q, and a set of 315
region masks M describing the objects of interest in Q in 316
I(1), the task is to respond with the correct or most suitable 317
answer from a set of options. 318

Benchmark. We curate R4D-Bench based on existing non- 319
region-based 4D VQA benchmarks, i.e., STI-Bench [29] and 320
VLM4D [88]. Our pipeline (Fig. 3) employs a hybrid auto- 321
mated and human-verified process to transform conventional 322
VQ pairs into highly specific region-prompted questions. 323

The process begins with a non-region-prompted 4D VQA. 324
In the example of Fig. 3, we are given a video of two persons 325
and a drone with the query question “How did the person 326
move the drone?” First, we use Qwen2.5-VL [51] to per- 327
form keyword extraction (Extract) and identify objects of 328
interest from the query question, e.g., the person and the 329
drone. While videos from some sources, e.g., DAVIS [49], 330
provide annotations of object masks, other real-world videos 331
lack such detailed annotations. Hence, we leverage state- 332
of-the-art object detection and segmentation models, i.e., 333
GroundingDINO [35] and SAM2 [53], to generate accurate 334
object masks (Detect & Segment) for the identified objects 335
of interest. We then apply the segmentation masks with their 336
corresponding keywords onto the video frame to generate 337
an image with Set-of-Marks [74]. This serves as an inter- 338
mediate and potential portrayal of the region-prompted QA 339
before the final step of checking correctness. 340

Since the objects of interest can be non-unique (e.g., mul- 341
tiple persons) and segmentation masks can be noisy, ensuring 342
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correct association between extracted keywords and found343
regions is critical. We check correctness with both automated344
and human-in-the-loop processes. We use Qwen2.5-VL [51]345
to automatically match the generated region marks to the en-346
tities in the question (Matching). Finally, human annotators347
verify and correct any mismatches (Verification). We also348
trim videos to ensure all RoIs are visible in the first frame.349

This concludes our region prompting process. The orig-350
inal VQA is transformed into R4D-Bench format, where351
entities are replaced by region tokens, e.g., “How did ⟨R1⟩352
move ⟨R2⟩?” with their corresponding region masks.353

Statistics. Our R4D-Bench benchmark consists of 1,517354
region-prompted VQAs. Each question is a multiple-choice355
problem with four to five answer options. The benchmark356
provides region-prompted challenges to semantic and nu-357
merical 4D understanding in both static and dynamic scenes.358
The static split (418 VQAs) includes 3 categories: (1) Di-359
mension Measurement; (2) 3D Video Grounding; and (3)360
Spatial Relation. The dynamic split (1,098 VQAs) includes361
6 categories: (1) Counting objects; (2) Translational move-362
ment; (3) Rotational movement; (4) False Positive detection;363
(5) Speed & Acceleration estimation; and (6) Displacement364
& Path Length measurement. We provide more details for365
each question type in the supplementary material.366

6. Experiments367

6.1. Experiment Setup368

Benchmarks. We evaluate our 4D-RGPT on various 4D369
VQA benchmarks, including our R4D-Bench and exist-370
ing ones, i.e., STI-Bench [29], VLM4D-real [88], Om-371
niSpatial [21], MMSI-Bench [76], SAT [54], and VSTI-372
Bench [15]. Please note that the first four benchmarks are373
testing-only benchmarks and are disjoint from our training374
data. Apart from the numerical questions in VSTI-Bench,375
where we report relative accuracy, we report the multiple-376
choice accuracy for all other benchmarks.377

Comparison Models. We compare our 4D-RGPT with378
various proprietary MLLMs, e.g., GPT-4o [44], GPT-5 [45],379
Gemini-2.5-Pro [12]; open-source generalized MLLMs, e.g.,380
Qwen2.5-VL [51]; and recent 3D/4D specialized MLLMs,381
e.g., SpatialReasoner [41], ViLaSR [71], and SpaceR [46].382

Architecture. We select a SOTA open-source generalized383
MLLM, NVILA-Lite-8B [37], as our MLLM backbone,384
which uses SigLIP [79] as the EV and Qwen2 [60] as the385
LLM. For the 4D perception model E4D and Dm, we follow386
the exact architecture and weights of L4P [2]. We document387
training setups in the supplementary material.388

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 [29]), V4D (VLM4D-real [88]), MMSI (MMSI-Bench [76]),
OS (OmniSpatial [21]), and VSTI (VSTI-Bench [15]).

Methods STI V4D MMSI OS SAT VSTI

GPT-4o [44] 34.8 60.0 30.3 47.8 57.5 38.2
GPT-5 [45] 39.3 - 40.7 59.9 - -
Gemini-2.5-Pro [12] 41.4 63.5 36.9 55.4 - -
Gemini-1.5-Pro [59] - - - - 64.8 -

InternVL2.5-8B [10] - 42.4 28.7 - - -
Qwen2.5-VL-7B [51] 32.1 43.3 25.9 39.2 - -
VideoLLaMA3-7B [80] 35.2 46.5 - - - -
LLaVA-Video-7B [83] - - - - 53.5 -
LLaVA-OneVision-7B [25] 29.0 36.0 24.5 35.7 41.7 -
LLaVA-NeXT-Video-7B [34] 29.9 - 26.8 - - 40.0

VLM-3R-7B [15] - - - - - 58.8
LLaVA-Video-7B + SAT [54] - - - - 63.4 -
ViLaSR-7B [71] 33.4 46.9 30.2 - - -
SpatialReasoner-7B [41] 31.0 43.4 22.7 - - -
SpaceR-7B [46] 37.0 51.3 28.8 - 47.8 -

NVILA-Lite-8B [37] 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 389

We present the effectiveness of 4D-RGPT in Tab. 2 and 390
Tab. 3, showing improvements over baseline MLLMs. 391

Non-region-based 4D VQA. In Tab. 2, we evaluate 4D- 392
RGPT on several non-region-level 3D/4D VQA benchmarks, 393
including input modalities of both images and videos. We 394
compare with various state-of-the-art proprietary MLLMs, 395
open-source general MLLMs, and recent 3D/4D MLLMs. 396
4D-RGPT consistently improves over the baseline NVILA- 397
Lite-8B by a large margin across all benchmarks, especially 398
on VLM4D [88] and VSTI-Bench [15]. Compared to other 399
MLLMs with similar model sizes, 4D-RGPT achieves SOTA 400
performance over open-source MLLMs and competitive per- 401
formance with GPT-4o [44]. Please note that SpatialRea- 402
soner [41], ViLaSR [71], and SpaceR [46] are all trained 403
with RL to further boost accuracy. 404

R4D-Bench. In Tab. 3, we present quantitative comparisons 405
of our 4D-RGPT on R4D-Bench against other MLLMs. For 406
fair comparison, we use SoM [74] to indicate the regions of 407
interest for all MLLMs. Additionally, for all open-source 408
MLLMs and 4D-RGPT, we use the same number of sam- 409
pled frames, i.e., 16 frames. We observe that although 410
SpaceR [46] outperforms Qwen2.5-VL [51] in Tab. 2, it falls 411
behind on R4D-Bench, suggesting that SpaceR is highly 412
tuned for non-region VQA and its region understanding is 413
weakened. Overall, 4D-RGPT achieves the best performance 414
among all open-source MLLMs by at least 1.6% on average 415
and 2.6% on the dynamic split. 416

6



CVPR
#12

CVPR
#12

CVPR 2026 Submission #12. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

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 [44] 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 [51] 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 [83] 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 [71] 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 [41] 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 [46] 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 [37] 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
incorporating F4D 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 [29].

Methods F4D STI R4D-Bench

Avg Sta Dyn

Zero-shot ✗ 33.8 37.9 29.1 41.3

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

Ours (P4D) ✓ 37.6 42.2 32.9 45.7

Input Video Question

Q: At 2.0 sec, what is the instantaneous acceleration of ⟨R1⟩ (m/s^2)?

⟨R1⟩

Answer

(*)

Q: How many times did ⟨R1⟩ hit ⟨R2⟩ upward?

⟨R1⟩ (*)

⟨R2⟩

GPT: −0.40 Qwen: −0.40 NVILA: −0.60 Ours: −0.70

GPT: 1 NVILA: 1Qwen: 0 Ours: 4 

(*)

Q: What direction is ⟨R1⟩ moving forward ?

⟨R1⟩
(*)

GPT: right NVILA: leftQwen: right Ours: not moving 

(*)

(from MH)

"id": 555,
"video": "videos/stibench/11356601648124485814_409_000_429_000_camera_1.mp4",
"options": [
"-0.10m/s²",
"-0.40m/s²",
"-0.70m/s²",
"-1.30m/s²",
"-0.60m/s²"
],
"question": "At 2.00 sec, What is the most appropriate instantaneous acceleration of the <obj_1> over the specified time interval? (at 2s)",
"response": "B",
"output": "B",
"task": "Speed & Acceleration",
"answer": "C"

(*)

(*)

Figure 4. VQA comparison among baseline MLLMs and 4D-
RGPT on R4D-Bench. For the baseline MLLMs, we use GPT-4o-
20241120 [44], Qwen-2.5VL-7B-Instruct [51], and NVILA-Lite-
8B [37]. We note that the regions labeled with (*) or (*) are not
provided in R4D-Bench; they are visualized for readability.

In Fig. 4, we showcase two cases of 4D-RGPT against417
other MLLMs on R4D-Bench. In both cases, the regions of418
interest are constantly moving. Only 4D-RGPT effectively419
perceives the 4D dynamics and provides the correct answers.420

421

6.3. Ablation Studies422

To justify our various designs, we conduct extensive ablation423
studies and analysis. For most experiments in this subsec-424
tion, we report results on STI-Bench [29] and the static and425
dynamic question subsets of R4D-Bench. Without specific426
notes, we use the same training data, and all other compo-427

nents are kept identical unless specified. 428

Alternative Strategies. Besides P4D, there are other strate- 429
gies to utilize 4D conversation data or the latent feature F4D 430
from the 4D perception models to enhance MLLMs’ 4D un- 431
derstanding. First, denoted as 4D-SFT, we apply solely SFT 432
to the entire MLLM without access to F4D. Additionally, 433
there are two straightforward ways to leverage F4D. Denoted 434
as 4D-Concat, we directly concatenate F4D with the 2D vi- 435
sual features EV(V ). We note that this requires additional 436
training on EP as the dimension differs from the original 437
visual features. On the other hand, denoted as 4D-PE, we 438
project F4D to positional encodings (PE) for the visual fea- 439
tures, similar to the spatial PE proposed in SR-3D [11]. 440

As shown in Tab. 4, apart from 4D-PE, both 4D-SFT and 441
4D-Concat improve over the Zero-shot baseline. However, 442
they all fall short compared to P4D. Moreover, 4D-Concat 443
and 4D-PE require additional inference costs as they need to 444
compute F4D for each input during inference. In comparison, 445
P4D requires solely training-only 4D perception modules, 446
making 4D-RGPT as efficient as Zero-shot during inference. 447

Perceptual 4D Distillation. To validate the effectiveness of 448
P4D, we experiment with various distillation strategies used 449
in latent distillation (LLD in Eq. (6)) and explicit distillation 450
(LED in Eq. (7)). In Tab. 5, we ablate different combinations 451
of distillation on F̂4D and P̂m. 452

We first observe that applying LLD alone (LD-only) im- 453
proves the performance over the Zero-shot baseline by 2.3% 454
on R4D-Bench. For LED, adding more m ∈ M incremen- 455
tally improves the performance steadily, with m = depth 456
and m = flow being the most effective ones (see LD+D 457
and LD+D+F). While LED alone (ED-only) also improves 458
the performance on R4D-Bench by 1.9%, combining both 459
(LD+ED) achieves the best average performance, showing 460
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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) on P̂m. For simplicity,
we use the same abbreviations as Tab. 4 and Depth (D), Flow (F),
Motion (M), and Camray (C) for each m ∈ M.

Methods F̂4D
P̂m STI R4D-Bench

D F M C Avg Sta Dyn

Zero-shot ✗ ✗ ✗ ✗ ✗ 33.8 37.9 29.1 41.3

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

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

Input video

Question

(A) 3.74 m/s
(B) 0.75 m/s

(D) 14.97 m/s
(E) 7.48 m/s

Answer

3.74 m/s

At step 1000At step 100

Demo

Demo

Demo

Demo

Demo

Figure 5. Predicted depth maps at different training steps. We
visualize the progress of P̂depth 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 ✗ 33.8 37.9 29.1 41.3

P4D ✗ 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 benefits of both LD and ED.461

4D Perception Visualization. In Fig. 5, we visualize the462
progress of how 4D-RGPT learns to extract 4D signals463
through P4D. We show a video from our training set [39]464
with extracted P̂depth at various steps. P̂depth is barely mean-465
ingful at first but gradually captures the 3D structure of the466
scene as training proceeds. This indicates that P4D suc-467
cessfully distills 4D perception capabilities into 4D-RGPT.468

469

Timestamp Positional Encoding (TPE). MLLMs often470
struggle with temporal perception when no explicit time471
cues are provided. We conduct a controlled toy experiment472
to validate this observation by curating a simple benchmark473

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 [19]. For simplicity, we
use the same abbreviations as Tab. 4.

Methods Trainable STI R4D-Bench

EV EP LLM Avg Sta Dyn

Zero-shot ✗ ✗ ✗ 33.8 37.9 29.1 41.3

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

Ours (Tune-P+LLM) ✗ ✓ ✓ 37.6 42.2 32.9 45.7

with VQAs that require temporal perception, such as “How 474
many seconds have passed in the input video?” We observe 475
that NVILA-Lite-8B [37] is naively guessing the answers, re- 476
sulting in accuracy close to random guessing. This problem 477
is further exacerbated by the inconsistency among multiple 478
sources of data with different frame rates. We detail the toy 479
experiment in the supplementary material. 480

Without introducing additional modules, we test two sim- 481
ple solutions to provide explicit temporal cues to MLLMs. 482
First, denoted as P4D+mark, we add explicit time marks 483
similar to SoM [74] on each I(n), such as burned-in text 484
showing the timestamp, e.g., “t(n) s” Second, denoted as 485
P4D+prompt, we add explicit time information in Q, such 486
as “The following video frames are sampled from a video 19 487
seconds long and recorded at 30 frames per second.” 488

Both P4D+mark and P4D+prompt, as shown in Tab. 6, 489
can improve 4D VQA performance. However, they require 490
additional data preprocessing, distract MLLMs from the 491
main visual and textual content, and do not generalize well 492
to region-level settings, i.e., R4D-Bench. Our P4D+TPE 493
consistently improves performance across both benchmarks, 494
as shown in the last row of Tab. 6. 495

Architecture Design. In Tab. 7, we ablate different designs 496
on whether EV, EP, or LLM is trainable or frozen. Our Tune- 497
P+LLM achieves the best performance by tuning both EP 498
and LLM, while keeping EV frozen. This is likely because 499
EP requires finetuning for TPE and P4D works best on LLM. 500

7. Conclusion 501

We show that existing MLLMs struggle with region-level 4D 502
VQA due to not fully perceiving 4D information. Without 503
incurring additional inference cost, our 4D-RGPT effectively 504
improves MLLMs’ 4D perception by learning from a 4D 505
perception model via a novel distillation framework, P4D. 506
Additionally, we introduce a proper benchmark, R4D-Bench, 507
for this domain, contributing to region-level 4D VQA. Exten- 508
sive experiments confirm the effectiveness of our approach 509
on both non-region-level and region-level 4D VQA. 510
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