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Abstract. Autonomous robotic systems require spatio-temporal under-
standing of dynamic environments to ensure reliable navigation and in-
teraction. While Vision-Language Models (VLMs) provide open-world
semantic priors, they lack grounding in 3D geometry and temporal dy-
namics. Conversely, geometric perception captures structure and motion
but remains semantically sparse. We propose SNOW (Scene Under-
standing with Open-World Knowledge), a training-free and backbone-
agnostic framework for unified 4D scene understanding that integrates
VLM-derived semantics with point cloud geometry and temporal consis-
tency. SNOW processes synchronized RGB images and 3D point clouds,
using HDBSCAN clustering to generate object-level proposals that guide
SAM2-based segmentation. Each segmented region is encoded through
our proposed Spatio-Temporal Tokenized Patch Encoding (STEP),
producing multimodal tokens that capture localized semantic, geomet-
ric, and temporal attributes. These tokens are incrementally integrated
into a 4D Scene Graph (4DSG), which serves as 4D prior for down-
stream reasoning. A lightweight SLAM backend anchors all STEP to-
kens spatially, providing the global reference alignment, and ensuring
unambiguous spatial grounding across time. The resulting 4DSG forms
a queryable, unified world model through which VLMs can directly in-
terpret spatial scene structure and temporal dynamics. Experiments on
a diverse set of benchmarks demonstrate that SNOW enables precise 4D
scene understanding and spatially grounded inference, setting new state-
of-the-art performance in several settings, highlighting the importance of
structured 4D priors for embodied reasoning and autonomous robotics.

Keywords: Scene Understanding · Spatio-Temporal Reasoning · Robotic
Agents
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Point Cloud Segmentation4D Scene UnderstandingSpatial Grounding in 3D SpaceQualitative Scene Understanding

For every point in the input LiDAR
point cloud, predict its corresponding
category. The segmentation must use
the 16 officially defined categories (10
foreground classes and 6 background
classes).

...segmenting point cloud...
(see result above)

Pinpoint several points within the
vacant space situated to the right of
the water pitcher.

Generated Answer (in red):
[(0.370, 0.590), (0.395, 0.590), (0.420,
0.590), (0.435, 0.590), (0.370, 0.640),
(0.395, 0.640), (0.420, 0.640), (0.435,
0.640), (0.370, 0.690), (0.395, 0.690),
(0.420, 0.690), (0.435, 0.690)]

1. What is the moving thing that is to
the front of me?
2. Are there any stopped busses to the
front of me?

1. The 'moving thing' to the front of the
ego view is a car. More specifically, its
a BMW 1 series in gray. 
2. No. I only can observe a yellow
deliviery van, but it is moving.

1. What direction is the person moving
towards at the start of the video?
2. Which direction did the tennis player
hit the ball towards?
3. What direction did the tennis ball
come from?

1. The person is moving left
2. Towards the right
3. From the right

RoboSpatial-Home VLM4DNuScenes-QA nuScenes Lidar Segmentation

SNOW

SNOWSNOW

SNOW

Fig. 1: Overview of SNOW. SNOW constructs a unified 4D Scene Graph (4DSG)
by integrating VLM-derived open-world semantics with 3D geometric structure and
temporal continuity. Spatio-Temporal Tokenized Patch Encoding (STEP) tokens en-
code object-level semantic, spatial, and temporal attributes, which accumulate into a
persistent 4D representation that enables grounded reasoning and generalizes across
diverse 4D benchmarks without additional training.

1 Introduction

Robotic systems operating in unstructured, dynamic environments must reason
not only about which objects are present, but also how they are situated in
3D space and how they evolve over time. This requires the integration of open-
world semantics with geometrically precise and temporally coherent scene rep-
resentations [47]. Existing approaches expose a fundamental disconnect: Vision-
Language Models (VLMs), relying on tokenized image patches, provide rich se-
mantic priors and general world knowledge [20,36,58], yet their reasoning remains
weakly grounded in spatial geometry and temporal continuity [5, 45, 52, 53, 65].
Conversely, geometric perception systems capture structure and motion, but are
limited in semantic expressiveness and open-vocabulary flexibility. A unified 4D
representation within VLMs is therefore required to connect semantic abstrac-
tion with persistent spatial and temporal grounding.

To address this challenge, we introduce SNOW (Scene Understanding with
Open-World Knowledge), a training-free framework that constructs a struc-
tured 4D representation from synchronized RGB images and point cloud obser-
vations. Consecutive point clouds are grouped via HDBSCAN clustering [1] to
form object-level proposals, which guide SAM2 [46] in targeted segmentation.
Through calibrated projection and fusion, each segmented region is associated
with its geometric shape and temporal identity. We encode each object-level re-
gion using our new Spatio-Temporal Tokenized Patch Encoding (STEP),
a compact multimodal token representation capturing localized semantics, geom-
etry, and time. Accumulating STEP tokens across frames yields a structured 4D
Scene Graph (4DSG), where object entities are persistently indexed across
space and time by a SLAM backend [15, 24]. The 4DSG provides a queryable
4D prior: VLMs can directly condition inference on spatially grounded seman-
tics and temporally coherent object tracks, without fine-tuning or architectural
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modification. This representation enables spatio-temporal reasoning, stable scene
interpretation under motion, and consistent integration of new observations.
The contributions of this work are as follows:

– We propose SNOW, a training-free, backbone agnostic framework that fuses
open-world semantic priors from VLMs with temporally consistent 3D per-
ception for unified 4D scene understanding.

– We introduce the STEP encoding, a multimodal object-level tokenization
scheme that jointly encodes semantic, geometric, and temporal information.

– We construct a persistent 4DSG that serves as a structured and queryable
spatio-temporal representation through which VLMs can perform grounded
reasoning in 4D.

– We demonstrate that structured 4D priors substantially improve spatial
grounding, temporal coherence, and open-vocabulary scene understanding,
achieving new state-of-the-art results on multiple benchmarks.

By linking semantic world knowledge of VLMs to explicit 4D structure, SNOW
establishes a general foundation for grounded reasoning in autonomous and em-
bodied systems.

2 Related Work

Recent advances in VLMs demonstrate strong progress in semantic reasoning
and language-guided interaction [6,7]. However, spatial and temporal reasoning
capabilities remain comparatively underdeveloped [5,43,45,52,53,65,68]. Spatial
reasoning is critical for localization and relational grounding, yet most VLMs
either rely on compressed image embeddings or approximate geometric priors [18,
19, 37]. Temporal reasoning is often reduced to frame-level extensions of image
models, where sequential dependencies are captured without maintaining explicit
spatial structure [26,27,29]. Consequently, existing approaches struggle to jointly
represent evolving 3D environments consistently across both space and time.

2.1 Spatial Grounding and Representations

Consider this broad grouping of spatial extensions: image, point cloud, and hy-
brid modality-based methods [64]. Image-based approaches leverage multi-view
reconstruction, depth estimation, or Bird’s-Eye-View abstractions to approxi-
mate 3D structure [10, 23, 54, 71, 73]. While effective in controlled or dense set-
tings, they often depend on specialized training and pre-aligned feature spaces.
Point-based reasoning directly incorporates 3D geometry, either through pro-
jection into 2D depth maps [66, 74] or with dedicated 3D encoders [4, 9, 41, 72].
Such methods achieve fine-grained localization, but require multi-stage retrain-
ing and are bound to specific modalities. Hybrid designs combine images and
point clouds to balance semantic richness with metric fidelity [16,21,30,70], yet
this couples performance to tailored data pipelines and trained backbone models.
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2.2 Temporal Grounding and Representations

Temporal extensions have followed a similar trend. Early work uniformly sam-
ples video frames and feeds them into pretrained image-language backbones [26,
29, 35], while more advanced models introduce temporal-aware embeddings or
memory mechanisms to capture longer sequences [17, 28, 32]. These approaches
improve event localization and activity recognition but treat videos as 2D tem-
poral streams, neglecting the underlying 3D geometry. Consequently, temporal
understanding remains largely decoupled from spatial reasoning.

2.3 Spatio-Temporal Grounding

Spatio-temporal grounding attempts to bridge this gap by jointly modeling ob-
jects in space and time. Classical computer vision pipelines detect and track
spatio-temporal tubes [49, 60, 67], while recent VLM-based variants incorporate
temporal encoding into spatial features [25, 39, 51]. Further related works have
explored structured representations for 4D reasoning, yet SNOW differs funda-
mentally in its design and capabilities. 3DGraphLLM [63] encodes local, discrete
spatial and semantic relations derived from a predefined VL-SAT relation set.
Similarly, PSG-4D [61] is constrained by predefined relations and objects, lack-
ing an explicit, compact geometry-shape token interface for embodied reasoning.
Critically, all mentioned approaches require extensive training for modality align-
ment and remain dependent on fixed backbones. Furthermore, we distinguish our
work from static mapping approaches like DSM [57]; while DSM utilizes tem-
poral observations to build a static geometric map enriched with 3D attributes
for grounding, SNOW provides embodied-relevant, fine-grained 4D attributes—
including precise 3D centroids, occupancy, and evolving 3D Gaussian shapes—as
a unified set of tokens per object. By representing these attributes directly in the
VLMs’ native token language, SNOW achieves unambiguous spatial grounding
across time in a fully training-free and backbone-agnostic manner.

2.4 Gap Towards Unified, Training-free Spatio-Temporal
Understanding

Overall, existing approaches are limited by (i) the reliance on extensive training
to align modalities, (ii) dependence on specific backbones, and (iii) a lack of
explicit metric geometry in the temporal domain. This motivates training-free
methods that maintain generality while supporting diverse point cloud sources
(e.g ., LiDAR, radar, RGB-D) and preserving spatio-temporal consistency.

3 Method

Robotic perception requires the integration of semantic richness, geometric pre-
cision, and temporal consistency. While point clouds provide accurate 3D struc-
ture, they are semantically sparse. Conversely, VLMs offer open-vocabulary se-
mantics but lack grounding in metric space and temporal reasoning. To bridge
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Fig. 2: High-level pipeline of SNOW. The method clusters point clouds, samples
representative points, and employs them as point prompts for SAM2-based segmen-
tation. The resulting STEP tokens form a unified spatio-temporal scene graph (i.e.,
4DSG), which serves as a persistent 4D world model, queryable by VLMs.

this gap, we propose SNOW, a training-free and backbone-agnostic framework for
4D spatio-temporal scene understanding. SNOW operates on synchronized RGB
images and point clouds from MapAnything [24] or from LiDAR sensors. All sen-
sors are assumed to be temporally synchronized and geometrically calibrated;
experiments on sensor misalignment and noise are provided in Appendix C. The
approach leverages 3D point clouds to guide SAM2-based segmentation [46], en-
forces cross-view and temporal consistency, and organizes all observations into
a tokenized 4DSG that serves as a persistent 4D prior to VLMs (cf . Fig. 2).
A SLAM backend [15,24] is used for maintaining a globally consistent reference
frame, ensuring unambiguous spatial alignment. On a single NVIDIA H100 GPU,
the pipeline processes about 1.2 frames per second (cf . App. D). As detailed in
our runtime analysis, the VLM backbone remains the primary bottleneck, ac-
counting for 78.32% of total pipeline latency.

3.1 Point Cloud Clustering and Sampling

Given an input point cloud at time t, P t = {pti}Ni=1 with each pti ∈ R3, we
initialize the set of unmapped points as U t ← P t. We cluster U t in metric space
using HDBSCAN [1], which identifies regions of high point density and prunes
unstable clusters, producing a set of data-driven spatial clusters:

Rt = {Rt
1, . . . , R

t
K}. (1)

We uniformly sample m representative points V t
k = {vtk1, . . . , vtkm} ⊂ Rt

k from
each cluster Rt

k, which act as region proposals for subsequent mask generation.
For our experiments we set m = 4, providing a balance between mask accuracy
and computational efficiency; however, this parameter is fully adjustable for
scenes containing fine-grained or cluttered structures.
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3.2 Mask Generation and STEP Encoding

All points of the input cloud P t are first projected into the image plane of each
single camera c:

(ximg
i , yimg

i ) = π(pti, I
t
c), (2)

where π(·) denotes the perspective projection using camera intrinsics and extrin-
sics. Within the same process, the projected region proposals {V t

k}img are used
as point prompts for SAM2 [46], which returns object masks

mt
k,c ⊂ Itc. (3)

4D Feature Encoding. Next, we associate the points from the 3D point cloud
with their corresponding masks in image space. Each 3D point (ximg

i , yimg
i ) is

assigned to mask mt
k,c if its projection lies within the support of mt

k,c (i.e.,
(ximg

i , yimg
i ) ∈ mt

k,c). Each object mask mt
k,c is processed by our new Spatio-

Temporal Tokenized Patch Encoding (STEP), which merges semantic,
geometric, and temporal data into unified tokens (cf . Fig. 3). The core philoso-
phy behind STEP is that it is fundamentally instance-centric, object-level, and
explicitly grounded in language. This design stems from a key human intuition:
the physical objects we perceive are natively tied to linguistic concepts. By es-
tablishing this direct link, grounding effectively bridges the gap between natural
language and instance-centric 4D scene understanding. Consequently, STEP pro-
vides a rich, expressive object abstraction that goes far beyond traditional scene
graphs restricted to rigid, predefined categories and discrete relations. Instead
of relying on static symbolic labels, each token explicitly captures continuous
3D geometry, spatial statistics, and temporal persistence. This allows SNOW to
reason accurately over changing object shapes over time without requiring any
additional training. The STEP encoding pipeline consists of the following steps:

1. Mask Isolation: We isolate each object mask mt
k,c by highlighting all pixels

inside the mask (cf . Fig. 3 left).
2. Image Partitioning: The masked image is divided into a grid matching

the model’s native patch size (here, 16× 16).
3. Token Filtering: We calculate the Intersection-over-Union (IoU) between

the mask and each grid cell. Cells with IoU ≥ 0.5 are kept as image patch
tokens, denoted as the set {τ tk,1, . . . , τ tk,m}.

4. Attribute Appending: To give these visual patches precise physical con-
text, we attach three complementary feature tokens:
– A centroid token ctk = (x̄, ȳ, z̄) that marks the exact 3D center of the

object (derived from the 3D point cloud).
– A shape token stk =

(
Σ, {(amin, amax) | a ∈ {x, y, z}}

)
based on a 3D

Gaussian modeling of the object’s spatial distribution. Here, the 3 × 3
covariance matrix Σ captures the 3D orientation and directional vari-
ance of the object’s geometry, while amin and amax define its axis-aligned
boundaries. This statistical representation captures the true volumetric
spread and rotation of an object without collapsing it into a rigid bound-
ing box, while simultaneously filtering sensor noise and outliers.
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Appeard Disappeard
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Fig. 3: STEP token assignment process. Masks with at least 50% IoU containment
retain their image tokens, which are enriched with 3D centroid, Gaussian shape, and
extent tokens, as well as temporal appearance and disappearance tokens. The resulting
STEP tokens are assembled into a 4DSG, serving as SNOW’s persistent 4D prior.

– A pair of temporal tokens θtk = (tstart, tend) that track exactly when the
object first appears and disappears in the scene.

The complete token set for object k at time t is therefore

St
k = {τ tk,1, . . . , τ tk,m, ctk, s

t
k, θ

t
k}. (4)

These STEP tokens, as dense, structured representation, jointly capture seman-
tic appearance, geometric structure, and temporal context, forming the atomic
building blocks of the 4DSG and enabling precise 4D reasoning on evolving ob-
jects and shape that component stacking alone cannot achieve.

After STEP encoding, the unmapped point set U t is updated and repro-
cessed for up to Niter iterations. To enhance global consistency, an Hhop reason-
ing procedure operates on the tokenized representations, detecting implausible
geometries and reassigning them to U t (cf . Tab. 1).

3.3 4D Scene Graph Construction

At each time step t, SNOW constructs a spatial scene graph Gt = (Vt, Et),
where each node vtk ∈ Vt corresponds to a STEP-token set St

k. A special node
encodes the ego-actors’ pose and position for self-awareness. Spatio-temporal as-
sociation is modeled over a sliding window of T frames, yielding a temporally
coherent sequence Fk = {St−T

k , . . . , St
k}. We use T = 10 in our experiments

(approximately 10 seconds of context), achieving a balanced trade-off between
temporal grounding and inference efficiency. The parameter can be freely ad-
justed to accommodate different backbone models or resource settings. Newly
observed instances detected in U t are initialized with fresh STEP tokens, while
disappeared ones are terminated by marking their final timestamp θtk. The re-
sulting sequences {Fk} form the node-level temporal representation used in the
4DSG. Aggregating these yields the unified 4DSG:

Mt =
(
Gt−T :t, {St−T :t

k }
)
. (5)
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Table 1: Hhop reasoning refinement. Example of hop-based filtering on the 4DSG,
removing implausible motions and outliers before answering spatio-temporal queries.

Hhop Reasoning Refinement Example

Q: What object moved the most in the last 2 seconds?

A: Strictly by world-coordinate displacement between t = 1 and t = 2, ob-
ject_id 32 (pedestrian) moved the most: about 32.2 m (∆x ≈ +0.13 m,
∆y ≈ +32.06 m, ∆z ≈ −3.73 m). This magnitude is implausible for a standing
person and the shape/extents changed markedly, suggesting an ID switch or
association error. Excluding that outlier and considering consistent tracks, the
next largest (and likely true) motion is object_id 8 (car), which moved about
22.4 m (∆x ≈ −18.61 m, ∆y ≈ +12.42 m, ∆z ≈ −0.88 m) over the 2 s timestep
(≈ 11.2 m/s).

To ensure consistent spatial alignment across frames,Mt is anchored in a glob-
ally referenced coordinate system using a SLAM backend: MapAnything [24] for
image-only input and KISS-SLAM [15] for LiDAR.

3.4 Inference with VLMs

Inference is performed directly on the unified 4DSG Mt through the STEP
representation. Unlike prior scene graphs that store predefined categories and
symbolic relations, SNOW interfaces with the VLM via its native input inter-
face. Concretely, each object node is serialized into (i) standard visual patch
tokens obtained from the masked image regions and (ii) tokens that explicitly
parameterize the object’s metric geometry and temporal extent, including 3D
Gaussian statistics, 3D centroid coordinates, and temporal interval. As both
STEP-components are expressed directly in the model’s “token language,” the
VLM can consume and reason over the 4DSG without additional alignment
training or feature pooling. Formally, we express inference as:

ŷ = VLM(q | Mt−T :t), (6)

where Mt encodes the 4D dynamics within the temporal window t−T : t,
q denotes the query, and ŷ is the predicted output. Since the representation
is training-free and backbone-agnostic, it can be integrated with different VLM
architectures and sensing modalities (LiDAR, radar, RGB-D), ensuring flexibility
across robotic domains. The full pipeline of SNOW is summarized in Algorithm 1.

4 Experiments

4.1 Experimental Setting

We evaluate SNOW on five complementary benchmarks targeting semantic, spa-
tial, and temporal understanding. In addition to the primary evaluations on
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Table 2: NuScenes-QA evaluation. Accuracy scores (↑) include Existence (Ext.),
Count (Cnt.), Object, (Obj.), Status (Sts.), Comparison (Cmp.), and overall Accuracy
(Acc.). Bold indicates the highest score and underline the second highest score.

Method Ext. Cnt. Obj. Sts. Cmp. Acc.

LLaMA-AdapV2 [13] 19.3 2.7 7.6 10.8 1.6 9.6
LLaVA1.5 [31] 45.8 7.7 7.8 9.0 52.1 26.2
LiDAR-LLM [62] 74.5 15.0 37.8 45.9 57.8 48.6
OccLLaMA3.1 [54] 80.9 19.2 46.3 47.8 66.6 54.5
BEVDet+BUTD [42] 83.7 22.0 48.8 52.0 67.7 57.0
OpenDriveVLA-0.5B [70] 83.9 22.0 50.2 57.0 68.4 58.4
OpenDriveVLA-3B [70] 84.0 22.3 50.3 56.9 68.5 58.5
OpenDriveVLA-7B [70] 84.2 22.7 49.6 54.5 68.8 58.2

SNOW (Ours) 82.3 27.4 53.2 80.5 61.0 60.1

NuScenes-QA [42], RoboSpatial-Home [48], ERQA [50], and VLM4D [69], we
include NuScenes-based LiDAR segmentation [11] to assess downstream perfor-
mance of spatial accuracy and temporal consistency, with results reported in
Appendix B.1. An ablation on VLM4D further isolates the effect of integrating
4D STEP tokens into the reasoning process. All evaluations follow the official
scoring protocols of their respective benchmarks. Overall, the suite is designed
to highlight SNOW’s versatility in accurately grounding information in 3D and
4D. We note the limited temporal scope of RoboSpatial-Home and use it specif-
ically to demonstrate strong spatial grounding enabled by explicit object-level,
metric 3D features in STEP. For all experiments, we configure SNOW with a
local observation window of T = 10 frames, Niter = 1, and Hhop = 1. Further
information on algorithm and parameter choices can be seen in Appendix H. The
video predictor of SAM2_Hiera_Large [46] is employed for semantic segmen-
tation, while Gemma3-4B-IT [14] serves as our primary backbone. We furhter
demonstrate SNOW’s backbone-agnostic nature by evaluating with Qwen3-VL-
8B-Instruct [59] and Llama-4-Scout-17B-16E [38] in Appendix B.2. MapAny-
thing [24] serves as the primary SLAM backend, while KISS-SLAM [15] is used
for experiments that provide access to LiDAR sensors.

4.2 Main Results

NuScenes-QA Evaluation. As shown in Table 2, SNOW establishes a new state-
of-the-art on NuScenes-QA [42] with an overall accuracy of 60.1% despite op-
erating entirely without training or fine-tuning. The most pronounced improve-
ment appears in the Status category (+23.5%), indicating that SNOW’s STEP-
tokenized spatio-temporal 4DSG enables explicit reasoning over dynamic object
states such as motion, orientation, or occlusion. Additional gains emerge in Count
(+4.7%) and Object (+2.9%), reflecting enhanced multi-entity grounding and ro-
bust object identity preservation. While performance in the Existence category
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Table 3: RoboSpatial-Home grounded VQA evaluation. Models are evaluated
on three dimensions, with Avg. reporting their mean. “+RS” denotes models finetuned
on the RoboSpatial dataset. SNOW operates in a fully training-free setting, using
its 4DSG as a persistent spatial representation. Bold indicates the highest score and
underline the second highest score; higher is better (↑).

Method Configuration Context Compatibility Avg.

VILA [48] 57.8 0.0 69.0 42.3
VILA +RS [48] 65.9 15.6 78.0 53.2
LLaVA-NeXT [48] 68.3 0.0 70.5 46.3
LLaVA-NeXT +RS [48] 78.9 19.7 80.1 59.6
SpaceLLaVA [48] 61.0 2.5 61.0 41.5
SpaceLLaVA +RS [48] 71.6 13.1 72.4 52.4
RoboPoint [48] 69.9 19.7 70.5 53.4
RoboPoint +RS [48] 78.0 31.1 81.0 63.4
Molmo [48] 58.6 0.1 18.1 25.6
GPT-4o [48] 77.2 5.7 58.1 47.0
NaviMaster [34] – 21.7 – –

Gemma-3-4B-IT [14] 61.8 3.3 67.6 43.1
SNOW (Ours) 84.6 54.9 78.1 72.3
SNOW +RS (Ours) 85.4 59.0 80.0 74.6

is comparable to prior work, the evaluation shows a lower score in the Compar-
ison category. We empirically identify this drop as a retrieval bottleneck rather
than a fundamental flaw in our 4D representation. Because the Comparison cat-
egory involves complex, multi-hop referential chains, heavily trained baselines
exploit dataset-specific cues (e.g ., OpenDriveVLA [70] incorporates NuScenes-
QA in Stage 2 training, and BEVDet+BUTD [42] explicitly trains its QA-head
on this benchmark). To test this retrieval hypothesis, we introduced a simple,
orientation-aware prompt to better exploit the existing 4DSG data by deriving
object pose directly from the STEP shape, motion, and semantic features. On
a 1,000-sample subset, this zero-shot adjustment increased Comparison perfor-
mance from 63.4% to 74.3% (on this subset), outperforming the heavily trained
state-of-the-art baseline by +5.5%. This demonstrates that our representation is
inherently richer and captures genuine 4D scene understanding without linguis-
tic over-fitting. Further analysis regarding the robustness of these results under
sensor noise and temporal misalignment is provided in Appendix C.

RoboSpatial-Home Evaluation. RoboSpatial-Home evaluates grounded spatial
reasoning in real indoor environments. The benchmark tests three complemen-
tary dimensions of spatial understanding: (i) Spatial Context measures whether
a model can identify suitable free or support surfaces by predicting a point lo-
cation in the scene; (ii) Spatial Compatibility evaluates whether a region can
feasibly support a given object, formulated as binary feasibility judgments; and
(iii) Spatial Configuration assesses relative object-to-object spatial relationships.
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We compare SNOW against pretrained and RoboSpatial-finetuned models. Un-
like prior approaches requiring task-specific finetuning or spatial alignment train-
ing, SNOW performs zero-shot grounding via its STEP-based 4DSG. In this
setup, native Gemma3-only backbone results (43.1%) underscore SNOW’s sub-
stantial zero-shot gain (72.3%/+29.2%), establishing a new state-of-the-art av-
erage performance on RoboSpatial-Home (cf . Tab. 3). Most notably, SNOW im-
proves Spatial Context by a substantial margin of +23.8%, the most challenging
dimension requiring continuous-point spatial grounding, outperforming all prior
systems including those explicitly finetuned on RoboSpatial (+RS) (cf . Fig. 4).
SNOW further achieves +7.4% in Spatial Configuration and remains competi-
tive in Spatial Compatibility (−2.9%), indicating consistent generalization across
complementary spatial reasoning tasks. To demonstrate that SNOW can also
serve as a strong backbone for supervised learning, we fine-tune the Gemma-3
backbone using STEP tokens on ScanNet [8], annotated via the RoboSpatial
annotation pipeline (denoted as SNOW +RS). With this modification, perfor-
mance reaches 74.6%. As shown in Table 3, task-specific supervision particularly
enhances Spatial Context reasoning (+4.1% over zero-shot), validating STEP to-
kens as a high-quality foundation for both zero-shot and supervised embodied
learning. These findings demonstrate that structured 4D scene representations
and STEP-based grounding enable strong spatial understanding. Qualitative
success and failure cases are provided and discussed in Appendix E.1.

ERQA Benchmark Evaluation. ERQA [50] evaluates embodied agents with re-
spect to their competence in physically grounded environments. The benchmark
covers a diverse set of capabilities essential for real-world deployment, such as
spatial reasoning or referential grounding (e.g ., pointing), and high-level task
planning. The quantitative results are summarized in Table 4. Despite its com-
pact size, SNOW (utilizing a 4B parameter backbone) achieves an accuracy
of 61.5%, outperforming much larger frontier models and specialized reasoning
agents. Specifically, SNOW surpasses Gemini 2.0 Pro (48.3%) and Qwen3 VL
235B Thinking (52.5%) by a substantial margin. Most notably, compared to
the Gemma3-4B-IT (backbone-only) baseline (40.7%), our framework provides
an absolute improvement of +20.8%, demonstrating that the injection of 4D
STEP tokens allows small-scale models to rival or exceed the performance of
frontier architectures. Our method is only surpassed by the latest generation of
reasoning-heavy models—o3 and GPT-5—which benefit from significantly larger
parameter counts and intensive test-time compute.

VLM4D Evaluation. Table 5 presents a comprehensive comparison of SNOW
against state-of-the-art models on the VLM4D benchmark. SNOW achieves
73.1% ego-centric and 72.8% exo-centric reasoning accuracy, corresponding to
an average reasoning gain of +9.4% despite being the smallest model with only
4B parameters. In directional reasoning, SNOW attains 71.2%, surpassing the
best prior model by a significant margin of +16.4%. For false positive (FP) rea-
soning, SNOW scores 77.8%, which is comparable to high-performing baselines,
confirming that 4D spatio-temporal modeling is primarily beneficial for scenario



12 T. Sohn et al.

Table 4: ERQA evaluation. Accuracy (%) is provided for multiple-choice questions
on embodied reasoning capabilities in physical environments. Bold and underline de-
note first and second highest scores (↑).

Method Accuracy

Gemini 2.0 Flash [50] 46.3
Gemini 2.0 Pro Experimental [50] 48.3
Qwen3 VL 32B Thinking [33] 52.3
Qwen3 VL 235B A22B Thinking [33] 52.5
GPT-4o [50] 47.0
o3 [33] 64.0
GPT-5 [33] 65.7

Gemma3-4B-IT [14] 40.7
SNOW (Ours) 61.5

Table 5: VLM4D evaluation. Accuracy (%) is reported for egocentric (Ego), exocen-
tric (Exo), directional (Dir), and false positive (FP) reasoning. Final columns provide
reasoning averages and overall benchmark scores. Bold indicates the highest score and
underline the second highest score.

Model Ego Exo Avg Dir FP Avg All

GPT-4o [69] 55.5 62.2 60.0 49.5 53.3 49.9 57.5
Gemini-2.5-Pro [69] 64.6 62.9 63.5 54.8 80.0 57.3 62.0
Claude-Sonnet-4 [69] 52.6 52.1 52.2 44.0 86.7 48.3 51.3
Llama-4-Maverick-17B [69] 52.6 54.3 53.8 53.3 51.1 53.0 53.6
Llama-4-Scout-17B [69] 48.6 56.2 53.7 53.3 75.6 55.5 54.1
Qwen2.5-VL-72B [69] 54.3 52.5 53.1 49.5 80.0 52.6 53.0
InternVideo2.5-8B [69] 57.2 50.5 52.7 44.3 46.7 44.5 50.7

SNOW (Ours) 73.1 72.8 72.9 71.2 77.8 71.9 72.6

comprehension rather than for FP detection. Overall, SNOW achieves an overall
benchmark score of 72.6%, outperforming all baselines substantially by +10.6%
on average. These results quantitatively underline that the integration of 4D
STEP tokens significantly enhances the model’s ability to reason about space
and time, particularly in ego-, exo-centric, and directional contexts. Qualitative
examples are provided in Appendix E.2 to further illustrate SNOW’s spatio-
temporal understanding along with success and failure cases.

4.3 Ablation Study

To complement the benchmark results, the ablation is designed to isolate the
impact of 4D tokenization—i.e., the proposed STEP representation—on down-
stream 4D reasoning. In our formulation, temporal reasoning is intrinsically cou-
pled to spatial correspondence, since time is operationalized through tracking ob-
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Fig. 4: SNOW on RoboSpatial-Home and open-vocabulary LiDAR segmen-
tation. For RoboSpatial-Home: red is model prediction; blue is ground truth.

ject identities across frames. A purely temporal variant without spatial ground-
ing is therefore ill-posed: the minimal meaningful representation already includes
image-plane localization (2D+t). The only principled extension beyond this level
is the introduction of temporally consistent metric 3D structure (3D+t), yield-
ing a true 4D representation. Accordingly, the ablation focuses on the transition
from 2D+t to 4D (STEP), directly testing our central hypothesis that temporally
indexed 3D-consistent tokens are the primary driver of improved 4D reasoning.
Furthermore, most state-of-the-art spatio-temporal reasoning pipelines rely on
2D tracking with temporal association while lacking persistent 3D structure
(cf . Sec. 2). The 2D+t condition therefore serves as a strong and practically
relevant reference point, clarifying the source of SNOW’s performance gains rel-
ative to existing approaches. Additional per-component ablations are provided
in Appendix G for completeness.

A1: VLM-Only Baseline. The backbone receives RGB frames over the temporal
window without explicit multi-view association or structured object tokens. This
isolates the perception–language prior of the VLM.

A2: 2D Temporal Tracking. Object instances are associated over time in the
image plane. Appearance and disappearance timestamps are maintained, but no
3D spatial consistency is enforced (dominant paradigm in existing methods).

A3: Full 4D STEP Representation. Spatially consistent 3D embeddings are fused
with temporal instance links into unified STEP tokens, forming temporally in-
dexed object trajectories in 4D space-time.
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Table 6: Ablation study of SNOW on VLM4D. Each configuration isolates the
contributions of temporal linking across frames (2D+t), and the 4D STEP tokens
(4D-STEP) over the baseline model. Performance is reported using VLM4D accuracy
metrics (↑). Bold indicates the highest score and underline the second highest score.

ID 2D+t 4D-STEP Ego Exo Avg Dir FP Avg All

A1 ✗ ✗ 42.1 39.2 40.1 36.2 66.7 39.3 39.9
A2 ✓ ✗ 61.0 55.0 57.0 51.2 71.1 53.3 56.1
A3 ✗ ✓ 73.1 72.8 72.9 71.2 77.8 71.9 72.6

The progression A1→A2→A3 therefore reflects increasing structural priors:
from unstructured perception, to 2D temporal continuity, to full 4D grounding.
While A2 already improves performance (+16.2%) by enforcing identity persis-
tence, the transition to STEP yields the largest gains (+32.7%; +16.5%), partic-
ularly in spatial reasoning, confirming that temporally consistent 3D grounding
is the primary driver of SNOW’s performance on 3D and 4D tasks.

5 Conclusion

We presented SNOW, a training-free, backbone-agnostic framework for 4D spatio-
temporal scene understanding in robotic environments. By clustering point clouds,
point-prompting SAM2 for segmentation, and enriching objects with geometric
and temporal attributes, SNOW unifies 3D structure, open-vocabulary seman-
tics, and temporal dynamics into a coherent representation. Its tokenized 4DSG
enables compact yet expressive encoding of object-level information and main-
tains temporal continuity through globally aligned semantic information. This
design provides several advantages: (i) it supports plug-and-play integration with
diverse VLMs and sensing modalities, (ii) generalizes across static and dynamic
environments without retraining, and (iii) offers persistent memory for spatio-
temporal reasoning and grounding. SNOW achieves consistent improvements
across 3D and 4D understanding benchmarks, demonstrating that structured
STEP tokenization can serve as a universal interface between geometric percep-
tion and foundation models. Beyond perception, SNOW offers an object-centric
foundation for embodied agents, enabling unified scene interpretation, semantic
mapping, and temporal abstraction in physically grounded world models.

Limitations and Future Work. The current implementation accumulates long
STEP token sequences, increasing inference latency in large-scale scenes. Ad-
ditionally, while the 4DSG captures global motion, it may underrepresent fine-
grained dynamics or object morphing. Future work will explore (i) explicit point
tracking for local motion modeling, (ii) latent-space fusion for compact token
integration, (iii) encoders with learned 4D representations where SNOW acts as
a data-acquisition pipeline, and (iv) STEP token ordering studies and temporal
compression. These directions aim to extend SNOW toward scalable, real-time
4D scene understanding.
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