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Abstract. Embodied agents perceive the world as continuous streams,
yet prevailing benchmarks evaluate spatial reasoning offline, presuppos-
ing global spatial omniscience and overlooking real-time spatial intelli-
gence. We present StreamSpatialBench, a testbed for streaming 3D
visual-spatial reasoning built on three pillars: fine-grained online tempo-
ral perspectives (past / current / future anchored to the query times-
tamp), dynamic multi-agent interactions, and comprehensive 3D spatial
reasoning. It comprises 5,280 millisecond-grounded QA pairs over 2,003
egocentric/scene videos across 10 sub-tasks. Benchmarking 18 represen-
tative MLLMs against humans reveals a substantial gap, rooted in three
deficiencies: limited spatiotemporal memory, absent incremental updat-
ing, and poor adaptation to dynamic, multi-agent scenes. To close this
gap, we propose Stream3D-Mem, which (i) maintains a bounded mem-
ory buffer with selective consolidation via round-decayed compression
to prune redundancy while preserving recent context, and (ii) distills
cognitive-map knowledge into compact implicit latent tokens, bypassing
latency-heavy explicit map generation. Together they offer a rigorous
testbed and a practical step toward continuous, human-like 3D spatial
intelligence for robotics and AR/VR. Code: https://github.com/0OPPO-
Mente-Lab/StreamSpatial.

Keywords: Streaming Spatial Reasoning - Multi-agent Interactions -
AR/VR

1 Introduction

Humans are inherently streaming visual learners [6,27-29,39)]. To emulate this ca-
pability, embodied systems necessitate a continuous streaming perception frame-
work. This ability involves incrementally updating spatial environment
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(e.g., tracking shifting object relativity like ‘the chair is now to my left’), per-
forming predictive world modeling (e.g., anticipating collision risks or infer-
ring occluded geometry), and robustly adapting to environmental dynam-
ics driven by multi-agent interactions (e.g., assessing whether ‘the person
in red is approaching’). Ultimately, embodied agents should perform robust real-
time 3D spatial reasoning to effectively execute complex instructions or respond
to user queries in ever-changing environments |13}14,/17.|21}24,125|(3538}40].

However, prevailing offline benchmarks [10}[19,33] (e.g., VSI-Bench [30]) pre-
suppose global spatial omniscience, granting a priori access to complete 3D
scene representations, thereby failing to capture spatial intelligence as a con-
tinuous process tied to real-time sensory streams. To bridge this gap, we in-
troduce StreamSpatialBench, a rigorous testbed for continuous visual-spatial
reasoning. At its core, StreamSpatialBench rests on three foundational pillars:

— Fine-grained Online Temporal Perspective: anchoring temporal re-
lations (past, current, future) to the query timestamp in contrast to of-
fline post-capture analysis, thereby enabling fine-grained temporal queries
(e.g., "seconds ago" vs. "right now") and necessitating adaptation to time-
dependent contexts where answers dynamically evolve as the stream pro-
gresses;

— Realistic Dynamic Spatiotemporal Reasoning: systematically evaluat-
ing robust adaptation to environmental dynamics driven by complex multi-
agent interactions;

— Comprehensive 3D Spatial Reasoning: requiring agents to perform ro-
bust real-time 3D spatial reasoning across shifting egocentric and allocentric
perspectives while maintaining long-term memory.

We evaluate 18 representative MLLMs—spanning offline image/video models,
specialized embodied models, and streaming video models—against human per-
formance on our StreamSpatialBench. Results reveal substantial gaps between
all models and human evaluators. To better understand why MLLMs fall short
of human-level spatial reasoning in streaming scenarios, we conduct an in-depth
analysis across multiple dimensions. Our key findings are: (1) Limited spa-
tiotemporal memory: Current models exhibit constrained capacity for long-
term spatial relationships and layout memory, with performance degrading sig-
nificantly as temporal spans increase or spatial regions expand. (2) Lack of in-
cremental updating: Models provide invariant answers to the same questions
across different timestamps, suggesting they rely on static statistical features
rather than dynamically updating spatial understanding over time. (3) Poor
adaptation to dynamic environments: In multi-agent dynamic scenarios
with continuously changing layouts, model performance deteriorates substan-
tially.

Motivated by these, we propose a simple yet effective framework, Stream3D-
Mem: (1) a memory buffer for storing and retrieving frame tokens over time,
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and a selective consolidation strategy with round-decayed compression to prune
redundant tokens while preserving recent context, merging short-term buffers
into long-term engrams. (2) For spatial reasoning, we bypass latency-heavy ex-
plicit map generation by distilling cognitive map knowledge into compact im-
plicit latent tokens, reducing latency and token usage while boosting accuracy.
Extensive experiments show that Stream3D-Mem consistently improves general
MLLMs on streaming 3D spatial reasoning, delivering real-time inference with
bounded memory, lower latency, and competitive or improved accuracy. To-
gether, StreamSpatialBench and Stream3D-Mem offer both a rigorous testbed
and a practical solution toward continuous, human-like spatial intelligence.

2 Related Work

Benchmark Setting Fine-grained Multi-Agent 3D Spatial
Temporal Perspective Dynamic Environment Reasoning
VSI-Bench [30] o [ind X X v
Spinbench [33] o [ind X v
SPAR-Bench [34] o COnd X X 4
OmniSpatial [10] o [ind X X v
TemporalBench |2] o Ond v X X
OST-Bench [15] online X X v
StreamSpatial(Ours) online v v v

Table 1: Comparison of benchmark datasets across key dimensions. Our StreamSpatial
benchmark provides comprehensive coverage of streaming video understanding with 3D
visual-spatial reasoning capabilities.

Benchmarking Spatial Reasoning. Visual spatial reasoning benchmarks
have evolved from basic perception toward complex cognitive tasks. VSI-Bench-
[30] pioneered “thinking in space” by distinguishing static and dynamic spa-
tial understanding. Subsequent efforts probe progressively deeper capabilities:
VSR [16] targets spatial-relation verification (e.g., “in front of”), BLINK [§] and
SITE |22] assess perception and localization, SPAR-Bench [34] measures metric
distance estimation, and OmniSpatial [10] examines spatial-compatibility rea-
soning that couples geometry with physical commonsense. In contrast, as sum-
marized in Table [I], our work addresses the streaming nature of real-world
spatial reasoning, where objects and viewpoints change continuously and ev-
idence must be integrated across multiple views over time. With fine-grained
temporal annotations, our benchmark further enables precise tracing of reason-
ing chains throughout a stream, fostering models that reason robustly under
realistic, evolving conditions.

Fine-grained Temporal Understanding. Contemporary video benchmarks
have shifted focus from static frame analysis to fine-grained temporal reason-
ing, demanding models to comprehend complex event sequences and causal
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relationships over time. Foundational works like Next-QA [26] and Temporal-
Bench [2] explicitly evaluate temporal logic and moment localization, while
LongVideoBench 23] challenges models to retrieve evidence across extended con-
texts. Despite these advances, existing efforts predominantly treat time as a se-
quence of semantic events or 2D bounding boxes, often neglecting the underlying
3D geometric continuity. Our work bridges this gap by integrating fine-grained
temporal annotations with 3D spatial reasoning, ensuring models capture how
spatial relationships dynamically evolve rather than merely identifying when
events occur.

Embodied Agent Learning and Reasoning. Embodied Al studies agents
that perceive, reason, and act within physical or simulated environments through
continuous sensorimotor interaction. Recent work has shifted from modular pipe-
lines with hand-crafted rules toward end-to-end frameworks built on vision-
language models, improving instruction following and zero-shot generalization
in long-horizon planning, memory-augmented navigation, and manipulation un-
der partial observability. Simulation platforms such as Habitat |18] and AI2-
THOR [12] have standardized embodied evaluation, and benchmarks such as
ALFRED |20] and EmbodiedBench [32]| target complex instruction following.
On the model side, PaLM-E [7], RT-2 [41], and OpenVLA |11] show that large
multimodal models can drive low-level control. However, these efforts largely
assume episodic inputs and overlook a core difficulty of open-world deployment:
maintaining a geometrically consistent world model under continuous streaming
perception and dynamic scene changes. We address this gap with a streaming
3D spatial reasoning benchmark that explicitly evaluates how embodied agents
build, retain, and update spatial memory over time, bridging static embodied
QA and real-time, multi-view spatial intelligence.

3 StreamSpatial Bench

In this section, we detail the construction of StreamSpatialBench, designed
to materialize the foundational pillars of streaming 3D visual-spatial intel-
ligence outlined previously. Figure [ illustrates the specific sub-categories of
the benchmark along with corresponding examples. In Sec. we elaborate on
the task formulations within this dual-dimensional framework, explaining how
temporal contexts and capability requirements intersect to create diverse eval-
uation scenarios. Subsequently, Sec. presents the automated QA generation
pipeline and rigorous human-in-the-loop validation procedures employed to guar-
antee question clarity and answer correctness. Finally , we present the statistics
of our dataset.

3.1 Task Formulation

Building on the capability-centric design of StreamSpatialBench, we organize
our benchmark around five core competencies that define streaming 3D visual-
spatial intelligence. Each task is grounded in one of three temporal contexts
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Fig. 1: Diagram of StreamSpatial-Bench, including 3 major categories and 10 subcate-
gories. Here, the Query time is defined as the time when a query is raised in streaming
scenarios, and Clue time denotes the time of the visual clues involved in answering the

query.

relative to the query timestamp: Past (P), Current (C), or Future (F). To ex-
plicitly characterize the reasoning dependency, we annotate each capability with
an (A ¥ B) pair, where A denotes the timestamp of the evidence and B indi-
cates the timestamp of the target answer. Based on this notation, we delineate
the following capabilities:

— Long-term 3D Spatial Memory and Reasoning: (P P) Requires the
maintenance of persistent allocentric and egocentric spatial representations
over extended temporal spans and region spans. In our benchmark tasks,
this includes: (a) Historical State: Properties of objects seen in the past
(b) Historical Direction: Spatial relationships between objects from past ob-
servations (c¢) Historical Distance: Proximity of objects to the observer at
previous timestamp.

— Predictive World Modeling (P [ C ¥ F): Projects the evolution of
a dynamic scene to anticipate future spatial states and potential hazards.
In our benchmark tasks, this includes: (a) Predicted Interaction: Predicting
what objects the observer will interact with next. (b) Object Prediction:
Predicting what will appear in the observer’s view next. (¢) Hazard Warning:
Any hazard warnings in the observer’s current view. (d) Predicted Person:
Predicting whom will the observer meet with.

— Real-time Spatial Reasoning (C ¥ C [ P;C):Requires online parsing
and dynamic assimilation of continuously input spatial-temporal streaming
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Core Statistics of the our
StreamSpatial Benchmark
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data, achieving real-time, incremental spatial reasoning that is immune to
historical layout interference. In our benchmark tasks, this includes: (a) Rela-
tive Direction: The direction of objects relative to the observer in the current
time. (b) Relative Distance: The distance of objects relative to the observer
in the current time. (¢) Object Counting: How many of a certain type of
object the target observer has seen.

Multi-View Spatial Co-Registration: Establishes the ego-centric frame
of reference within a global context by resolving self-location and orienting
object-to-object relationships across first- and third-person viewpoints.

Multi-Agent Spatial Relationship Reasoning: Maintains robust spatial
awareness and reasoning integrity by filtering, disambiguating, and tracking
salient entities within a fluid, multi-agent environment. In our benchmark
tasks, this includes: Predicted Person: Predicting what kind of person the
observer will interact with next

3.2 Benchmark Collection Process

Multi-Source Video Aggregation We curate a comprehensive video corpus
by aggregating diverse egocentric datasets, including ScanNet , ScanNetV2,
and related benchmarks, to ensure foundational coverage of structured indoor
environments. To address the limitations of static or short-duration clips in
existing benchmarks, we specifically incorporate large-scale, dynamic datasets
that capture the complexity of real-world agent movement: (I) We leverage
Rynnec to introduce substantial environmental variability, spanning 200+
residential structures and 20,832 egocentric videos. Crucially, we select clips
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featuring single-/dual-/tri-zone trajectories and cross-zone paths, ensuring the
benchmark evaluates models under varied lighting conditions, camera heights,
and rotational dynamics. @Q To capture naturalistic human activities with rich
spatial-temporal dependencies, we integrate EgoLife [31], which is pivotal for
evaluating long-horizon, multi-person, and multi-view interactions. This source
contributes diverse indoor and semi-outdoor scenes, continuous recordings that
require sustained attention, realistic AR-style egocentric capture from smart
glasses worn by real users, and complex social interactions involving multiple
agents. From this aggregated pool, we manually Iter scenes to ensure each sam-
ple contains clear spatial events, su cient multi-view overlap, and distinct object
interactions, resulting in a high-quality subset for benchmark construction.

Millisecond-Level Temporal Grounding Annotation. Unlike prior bench-

marks that rely on Large Language Models for approximate timestamp generation-
often resulting in coarse granularity and temporal drift-we prioritize human-
expert precision to establish a reliable ground truth. We established a rigorous,
multi-stage manual annotation pipeline: Q Annotators undergo rigorous spe-
cialized training to standardize the de nition of spatial events and temporal
boundaries, ensuring a uni ed interpretation of complex scenarios.@ Experts
meticulously annotate both the query occurrence timestamps and the answer
temporal ranges (start/end), achieving millisecond-level granularity through pre-
cise temporal alignment with visual evidence.@ A strict cross-veri cation pro-
tocol is implemented to check the temporal alignment and logical consistency
between the annotated queries and their corresponding answer spans, with any
discrepancies exceeding the threshold routed for senior arbitration. This human-
centric approach ensures that our benchmark provides a high- delity signal for
evaluating ne-grained temporal reasoning.

Confusing Distractor Generation Strategy. We systematically generated
plausible distractors including spatially adjacent objects, temporally shifted an-
swers, and semantically related but spatially incorrect alternatives.

Statics. StreamSpatialBench contains 5,280 question answer pairs constructed
from 2,003 video, with an average of 2.64 questions per video as illustrated
in Table 2| As illustrated in Figure P] the benchmark comprises 10 sub-tasks.
Notably, 8.77% of the questions involve spatial reasoning across four or more
regions, and 19.43% require inference over extended temporal contexts; these
subsets represent the higher-complexity scenarios within the benchmark.

3.3 Stream3D-Mem Framework

Stream3D-Mem proposes two core designs to enable streaming capabilities: (1)
a dynamic memory system that ingests continuous visuals via a transient bu er,
extracts distinctive frames as spatial engrams, and merges similar ones through
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learned consolidation for persistent 3D spatial reasoning with constant mem-
ory footprint. (2) an implicit reasoning paradigm that replaces the conventional
process of generating multiple explicit cognitive map tokens prior to answer
generation with a streamlined approach that utilizes concise implicit tokens to
directly derive answers, e ectively enhancing spatial reasoning accuracy while
reducing inference latency.

Spatial Sub-space Formation To construct a dynamic memory from continu-

ous video streams, we segment inputs into semantically coherent units. For each
frame I, a 2D encoder yields identity tokensT!® (what) and VGGT yields
spatial tokens T3 (where ). After aligning the two streams to a shared patch
grid, we fuse them by patch-level addition:

Xe=T@+T¥2RWD @)

where N, and D denote the number of patch tokens per frame and the feature
dimension, respectively. Fused tokens are pushed into a xed-capacity FIFO
buer B, where semantic transitions are detected on the y. Let () denote
global average pooling over theN, tokens. We pool two adjacent windows of
size! into a past and an incoming descriptor and measure their similarity,

P P
se=cos oL Xa kd L Kowi); )

and ag a transition whens; < . Frames preceding a transition form a visual
episode. We compress its tokens into a Spatial RegioM ® 2 RN«PD  je,
Ny sub-region prototypes ofP tokens each, where every prototype summarizes
a coherent part of the scene (e.g., the pillow or quilt of a bed region) and
Ny adapts to the episode's content. The region is appended to the long-term
memory L.

Incremental Construction of Long-Term Memory To keep the memory
bounded while continuously absorbing spatial experiences, we cdp with a xed
token budget Bnhax - Whenever a new region pushes beyond B« , We repeat-
edly merge the most redundant regions until tEe budget is met. Each region is
summarized by a pooled descriptorgx = N%P np M ﬁkz) 2 RP, and the most

redundant pair is picked by cosine similarity:

Oa Ob
a;b)=zargmax ———:
(8 3b) =arg max 4 g.kkgok

3)

The selected pair is then fused into a single region, and this repeats untiL

returns within B . Both the intra-episode compression and the inter-region
fusion are realized by Token Merging (ToMe) [1], keepingL bounded without

any prede ned number of regions or sub-regions.
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3.4 Latent Cognitive Map Reasoning

Map Encoding & Compression The cognitive map is serialized into text
and encoded via the LLM embedding layer into Enap. Emap IS compressed into
N vectors Vix 2 RNP  using uniform pooling, serving as xed-length Ground
Truth targets. We denote by v; 2 RP the t-th row of Vg, i.e., the target spatial
feature for the t-th latent step.

Latent Reasoning & Alignment The trigger token <|Jmap_start|> switches

the model into a latent reasoning mode that autoregressively rolls out N con-
tinuous hidden states Haent = fh 1;:::;hy g without decoding any text. A

lightweight MLP g() projects each latent state h into the target spatial space,
and the reconstruction is supervised via a Mean Squared Error (MSE) loss:

1 X
Liatent = N kg(hy) v tkg; 4)
t=1

where v is the t-th target spatial feature de ned above. After completing the
preset N latent steps, the model exits the latent mode and resumes standard
token generation. We formulate the nal joint objective as a combination of the
latent reconstruction loss and the standard Next-Token Prediction (NTP) loss
LnTp -

Liotat =L NP + L jatent 5)

where balances the semantic reconstruction and language generation signals.

Inference During inference, xed-step latent decoding is adopted, executing
exactly N implicit steps before resuming text generation. Rather than projecting
h; to a vocabulary token and re-embedding it, we feed the projected latent state
g(hy) directly as the input embedding at position t+1, keeping these implicit
steps in the continuous space. It provides a stable computational budget and
ensures consistent reconstruction quality across diverse queries. By producing
signi cantly fewer latent tokens than explicit CoT tokens (cognitive map), the
method substantially reduces response latency.

4 Can MLLMs Reason 3D Space-Time in Dynamic
Long-Horizon Streams?

4.1 Evaluation Setup

Benchmark Models. We conduct extensive experiments across a diverse range

of multimodal models with varying architectures and capabilities. Our evalu-
ation includes: (1) Proprietary models: Gemini-2.5-pro and Doubao-Seed-1.6;
(2) Open-source models from the DeepSeek series (DeepSeek-VL2-Small and
DeepSeek-VL2), Qwen series (Qwen2.5-VL-72B, Qwen2.5-VL-7B and Qwen3-
VL-8B), and InternVL series (InternVL3.5-8B); (3) Video understanding models:
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Methods | Size | Avg.  Present Question Future Question Historical Question

Perormance Against Human(250 Q&As)
Human (250 Q&As)

Human Level 83.60(88.00 88.00 92.00 80.00 84.00 80.00 96.00| 76.00 68.00 84.00
Gemini-2.5-pro 43.60| 68.00 36.00 44.00 20.00 32.00 24.00 72.00| 32.00 36.00 72.00
Qwen3-VL-235B-A22B | 235B | 40.80| 56.00 20.00 32.0Q 24.00 36.00 28.00 60.00| 52.00 24.00 76.00

Uniformly Sampled, fps=2
Proprietary MLLMs
GPT-40 39.88[55.42 31.11 29.43 23.02 39.85 30.19 58.70/ 44.13 26.05 60.95

Gemini-2.5-pro 44.81|65.94 37.24 39.03 19.32 39.95 27.96 73.44| 4419 31.75 69.23
Doubao-Seed-1.6 43.89|53.70 27.27 44.74 2031 39.81 34.12 71.87| 35.00 23.09 89.00
Open-Source Vdieo MLLMs

DeepSeek-VL2-Small 2.8B | 24.92| 33.13 25.06 8.78| 24.62 20.79 18.40 37.81] 2558 21.15 33.85
DeepSeek-VL2| 4.5B | 18.81| 32.40 29.20 1.04| 10.61 17.06 13.68 25.62 13.29 21.77 23.46
InternvVL3.5-8B | 8B |37.01|48.52 34.48 38.67 25.76 23.36 21.70 69.50 30.57 24.46 53.08
Qwen2.5-VL-7B| 7B |34.49|36.00 31.72 31.0Q 27.65 18.69 23.02 58.31 29.90 35.29 53.28
Qwen2.5-VL-72B| 72B | 38.41|49.20 50.36 31.41 25.38 23.36 26.89 64.37| 30.57 25.00 57.58
Qwen3-VL-8B| 8B |44.32|62.23 35.17 30.48 26.89 3294 29.72 76.56 52.16 29.39 67.69
Qwen3-VL-32B| 32B | 44.70|64.09 45.52 21.25 2424 31.78 26.42 77.19] 57.81 32.89 65.77

Qwen3-VL-235B-A22B | 235B | 44.82| 60.78 27.82 24.36 25.00 38.08 33.96 75.00] 59.47 29.87 73.85
LLaVA-Video-Qwen2-7B | 7B |38.41|46.34 32.18 31.29 28.03 28.74 31.60 59.69 38.21 29.21 58.85
LLaVA-Video-Qwen2-72B | 72B | 44.01|/59.96 34.48 32.33 29.92 37.62 36.32 62.19 42.86 31.36 73.08

Spatial-MLLM 7B |33.28/35.20 28.80 44.46 35.61 20.47 29.25 44.62) 30.33 28.28 35.77
Streaming video input at 1 fps

Open-Source Streaming MLLMs
Vispeak| 8B |[36.63|45.07 27.59 45.84 26.52 36.79 2594 48.75 31.23 28.39 50.19
Dispider | 8B |30.63|27.61 17.24 38.45 36.74 24.30 24.06 47.50 27.57 2152 41.31

Flash-Vstream| 7B |33.55|40.66 27.59 37.88 29.55 25.93 3255 48.12| 31.89 2554 35.77

Videollm-Online | 8B |15.15/14.14 17.01 8.89| 11.36 24.30 11.79 14.37| 17.28 15.00 17.31

Ours| 4B |41.11]45.19 34.48 53.35 2841 3239 3160 62.66 3289 3131 58.85

Table 3: Evaluation results for MLLMs. We consolidate performance from both
closed-source and open-source MLLM evaluations.

LLaVA-Video-Qwen2-7B and LLaVA-Video-Qwen2-72B; (4) Spatial-specialized
model: Spatial-MLLM; and (5) Streaming-capable models: Vispeak, Flash-VStream,
Dispider, and Ours. This comprehensive selection allows us to systematically
analyze performance across di erent model paradigms in streaming spatial in-
telligence reasoning tasks.

Evaluation Settings. To evaluate models that do not yet support streaming
video input, we adopt two complementary evaluation settings:

Sliding Window Setting (O ine): Following [9], we perform o ine sliding-
window evaluation on advanced MLLMs by taking a xed-length temporal
window before each question-asking timestamp;t(e.g., 32 seconds) and sam-
pling frames at a xed rate (e.g., 2 fps). This setting provides temporal
context for response evaluation while adapting streaming video inputs to
non-streaming Video-LLMs.

Streaming Setting: All frames sampled at 1 fps from the start of the clip
up to the question timestamp (0 s ! query_time) are provided to the model,
simulating real-time inference performance.
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Fig. 3: (a) comparing the ne-grained accuracy of six multimodal models across ten sub-tasks
grouped. (b) highlighting model performance on dynamic sub-tasks.

Fig. 4: Accuracy of four multimodal models across di erent reasoning types, task prompts, temporal
spans, and region spans. Temporal span indicates the elapsed time from the video start to the query
timestamp (e.g., 1: 015s, 2: 1545s, 3: 45s 2min, 4: over 2min), and region span denotes the
number of distinct spatial regions involved in answering the question.

Human Evaluation. We constructed a strati ed random sample of 250 ques-
tions from our Bench, ensuring balanced coverage across all 10 task categories
(25 questions per category). To obtain reliable human judgments, we recruited
ve trained annotators and labeled this subset under a blinded protocol: each
question was independently answered by three annotators, with non-majority
cases resolved through senior arbitration. For comparability, Gemini-2.5-Pro and
Qwen3-VL-235B-A22B were evaluated on the same subset under identical infer-
ence settings.

4.2 Main Results on StreamSpatialBench

Human Performance Baseline. Humans demonstrate superior performance
overall, particularly in incrementally updating real-time 3D spatial represen-
tations. However, maintaining long-term 3D spatial memory under streaming
conditions remains a fundamental challenge.
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