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Fig. 1: ConsiSpace learning geometric consistency for video spatial reason-
ing. (a) Efficiency: Geometry-consistent memory reduces redundant spatial evidence
through gated writing and fusion. (b) Robustness: Unified Consistency SSRL im-
proves answer stability across viewpoints. (¢) Performance: ConsiSpace consistently
improves spatial reasoning performance across benchmarks and VSI sub-tasks.

Abstract. Video spatial reasoning is essential for navigation-oriented
perception and long-video question answering, where models must infer
spatial relations across long horizons under changing viewpoints. How-
ever, existing multimodal large language models (MLLMs) remain largely
semantic-centric, and often fail to reliably aggregate consistent spatial
evidence from redundant video observations, leading to inefficient or un-
stable reasoning. To address these issues, we propose ConsiSpace, a
geometry-consistency-aware framework for geometry-sensitive video spa-
tial reasoning that turns spatial consistency into both an evidence orga-
nization principle and an explicit post-SFT learning signal. We build a
geometry-consistent memory (GCM) including implicit evidence tokens
and explicit geometric cues, and leverage efficient organization strate-
gies to compactly preserve task-related spatial evidence. Furthermore,
we utilize unified consistency self-supervised reinforcement learning (UC-
SSRL) after supervised fine-tuning to improve cross-view stability, with
answer-, metric-, and topology-consistency rewards. Extensive experi-
ments on three spatial-reasoning benchmarks, VSI-Bench, OSI-Bench,
and MMSI-Video-Bench, show consistent gains, improving the average
score by 12.6 points over the strongest baselines.

Keywords: Video spatial reasoning - Geometric consistency - Self-supervised
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1 Introduction

Video spatial reasoning is a core capability for navigation-oriented perception |10,
16,[241127,128,39] and video question answering [3}33,[37,48]. It requires agents
and models to infer object locations, scene connectivity, directions, and spatial
relations under partial observability or long video contexts. These demands make
video spatial reasoning a practical challenge at the intersection of long-context
understanding and physical-space reasoning.

Despite rapid progress in multimodal large language models (MLLMs) |1}11}-
13,29H31})53], recent spatial benchmarks [23]44./45] show that reliable spatial rea-
soning remains a key bottleneck. Many video-MLLMs are semantics-first: they
emphasize recognition and language-conditioned reasoning, while modeling view-
point geometry and spatial structure only weakly. Recent works address this lim-
itation through spatial data, training objectives, and reasoning formats, such as
SpaceR [26], ViLaSR [43|, Cambrian-S [46], and RoboBrain [15]. Another direc-
tion incorporates explicit spatial cues into MLLMs. Feed-forward geometry foun-
dation models, such as DUSt3R [36], MASt3R [17], and VGGT |35, make pose,
depth, and structure signals available from RGB videos. Built on these geometry
priors, Spatial-MLLM [42], VLM-3R [7], SpaceMind [50], and GeoThinker [20]
fuse geometry-aware tokens into MLLMs. Other methods exploit explicit 3D
representations or maps for stronger grounding and interpretability, including
Video-3D LLM [52|, N3D-VLM |[41], GS-Reasoner [4], and Map2Thought [g].

However, video spatial reasoning still faces two practical challenges: efficiency
and robustness under viewpoint changes. Adjacent frames often contain redun-
dant spatial evidence, so storing or attending to more frames can increase mem-
ory and computation without proportional gains, as shown in Fig. a). More-
over, redundant or mismatched evidence may cause inconsistent spatial ground-
ing and unstable answers across viewpoints, as shown in Fig. b). We argue
that both challenges can be addressed by exploiting spatial consistency: under
smooth viewpoint changes of a static scene, correct spatial relations should re-
main invariant, providing a natural signal for compact evidence organization and
stable reasoning.

To this end, we propose ConsiSpace, a geometry-consistency-aware frame-
work for video spatial reasoning. ConsiSpace uses 3D spatial consistency as both
an evidence organization principle and a post-SF'T learning objective. It intro-
duces a Geometry-Consistent Memory that stores visual-spatial evidence with
explicit pose and depth cues, and organizes them through geometry-guided writ-
ing, fusion, and retrieval for compact and robust reasoning. To further improve
viewpoint stability, we propose Unified Consistency Self-Supervised Reinforce-
ment Learning (UC-SSRL), which refines answer, metric, and topological con-
sistency across paired views after supervised fine-tuning anchors answer correct-
ness. Extensive experiments on MMSI-Video-Bench [23], OSI-Bench [44],
and VSI-Bench [45] demonstrate the effectiveness of ConsiSpace across spa-
tial construction, relational, and metric reasoning tasks. Overall, ConsiSpace
improves the average score by 12.6 points over the strongest baselines, as illus-
trated in Fig. [Ic).
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Our main contributions are as follows:

— We propose ConsiSpace, a geometry-consistency-aware framework for video
spatial reasoning that organizes spatial evidence and improves viewpoint
stability.

— We introduce a Geometry-Consistent Dual-Memory with geometry-guided
writing, fusion, and retrieval, together with UC-SSRL for post-SF'T consis-
tency learning.

— Extensive experiments and analyses on three spatial-reasoning benchmarks
show that ConsiSpace improves the average score by 12.6 points over the
strongest baselines.

2 Related Work

Multimodal large language models. MLLMs [1,[29]31] have advanced gen-
eral image and video understanding. Recent long-video MLLMs [5| and memory-
augmented agents [38] improve temporal scalability through longer contexts, re-
trieval, or external memory. However, recent spatial benchmarks [6}[18}23}|45]
47] show that reliable spatial reasoning remains challenging. General-purpose
MLLMs are strong in semantic perception and language-conditioned reason-
ing, but they often lack explicit mechanisms for maintaining spatial consistency
across viewpoints and long temporal contexts. Our work builds on MLLMs, while
focusing on geometry-sensitive video spatial reasoning rather than general video
understanding.

Spatial-aware MLLMs for spatial reasoning. Prior work improves spatial
reasoning through 3D cues, spatial supervision, and reasoning-centric training.
Some methods inject explicit 3D information, such as Video-3D LLM [52| and
N3D-VLM [41]. Others rely on reconstruction- or consistency-based supervision,
such as RoSS3D [34] and VLM-3R [7], or scale spatial data and training, such
as Cambrian-S [46]. Reasoning-centric methods further enhance complex spa-
tial reasoning with RL, grounding-aware CoT, or 3D-centric reasoning, includ-
ing SpatialLadder [21], GS-Reasoner |4], and Think3D [49]. Several methods
also design geometry-aware integration modules, such as SpaceMind [50] and
GeoThinker [20]. Despite strong progress, these methods mainly focus on rep-
resentation design or training-time supervision, with limited control over how
redundant video evidence is written, fused, and retrieved. In contrast, we use
geometric consistency as an explicit criterion for managing the full memory life-
cycle.

MLLMs with geometry foundation models. Geometry foundation mod-
els provide strong 3D priors from monocular or multi-view imagery, enabling
geometry-aware perception without full 3D supervision. Representative examples
include DUSt3R-style reconstruction [36], feed-forward geometry with VGGT [35],
permutation-equivariant geometry learning (73) [40], and depth foundations such
as Depth Anything 3 [22]|. These models are typically incorporated into MLLMs
via feature fusion, distillation, or alignment, as in VG-LLM |51], G2VLM 9],
3DRS [14], Spatial Forcing [19], and Spatiall MLLM [42|. However, geometry
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Fig. 2: Overview of e organizes visual-spatial tokens and
pose-depth cues with a geometry-consistent memory, retrieves query-relevant evidence
for answer generation, and uses UC-SSRL to improve viewpoint stability.

priors are mostly used as input features or training signals, while their role in
long-video evidence management remains less explored. We instead treat geom-
etry as a consistency criterion for deciding when to write, how to fuse, and what
to retain during hierarchical retrieval.

3 Method

3.1 Overview

We consider video spatial reasoning, where a model answers a query ¢ given a
video V = {I,;}L_;, producing an output y. This setting requires reliable spatial
inference over long temporal horizons, while observations are often redundant
and spatial evidence can be sparse or viewpoint-dependent. ConsiSpace addresses
this problem by using geometric consistency to organize video evidence and
stabilize cross-view reasoning. As illustrated in Fig. [2] ConsiSpace consists of
dual encoders, a geometry-consistent memory (GCM) with update and read
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operations, a query-conditioned fusion module, and a video language model for
prediction. During training, we start from the supervised fine-tuned model and
apply unified consistency self-supervised reinforcement learning (UC-SSRL) to
refine viewpoint stability with self-supervised consistency rewards.

3.2 Feature Extraction

Visual tokens. Given each frame I;, we extract patch-level visual embeddings
using a frozen SigLIP2 vision encoder Fyis:

Xi = Eyis(Iy),  X; € RVX4, (1)

where N denotes the number of visual tokens and d is the embedding dimension.
These tokens provide semantic evidence for memory construction and retrieval.
Spatial tokens and geometric cues. We extract geometry-aware representa-
tions with a frozen VGGT geometry encoder F,,. Given a frame I; option-
ally conditioned on preceding frames I.,, VGGT produces spatial tokens and
explicit geometric cues:

St, Gt = Espa(lt 5 I<t)7 (2>

where S; denotes geometry-aware spatial tokens, and G} includes camera pose T}
and per-frame depth map D;. These cues provide geometric consistency signals
for memory writing, fusion, and retrieval.

3.3 Geometry-Consistent Memory

ConsiSpace maintains a Geometry-Consistent Memory M with two complemen-
tary banks (Fig. . The Implicit Spatial Memory My, stores per-frame evi-
dence tokens, including visual semantics and spatial tokens, for query-relevant
retrieval. The Explicit Spatial Memory Mgy, stores camera poses and depth
cues, which provide geometry-based consistency signals for memory control. This
separation decouples evidence representation from geometry-guided operations:
Mimp supports evidence retrieval, while My, guides geometry-gated writing,
geometry-consistent fusion, and geometry-filtered retrieval (Fig. [3)).
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Memory entries. For each frame ¢, we construct an implicit evidence entry by
packing visual tokens X; and spatial tokens S;:

ey = PACK(Xy, Sy), gt = (T, Dy), (3)

where T; is the camera pose and D, is the per-frame depth map predicted by
the spatial encoder. PACK(-) concatenates and projects visual and spatial tokens
into a fixed-length evidence representation. We store e; in M, and the aligned
geometric cues g; in My, with the same timestamp.

Geometry-gated writing. Adjacent frames are often redundant, so writing
every frame to memory is inefficient. We gate memory writes using geometric
changes predicted by the geometry encoder. Let T be the camera pose, and let
(pt,v) denote the camera position and viewing direction derived from T;. We
compute inter-frame motion and viewpoint changes:

Apy = |Ipt — pr-1l2, Ay = Z(vg,v4-1), (4)
and write an entry only when new spatial evidence is likely to appear:
WRITE(t) = [[Ap, > 1, V A0, > 19]. (5)

This geometry-gated policy suppresses redundant writes under smooth viewpoint
changes while preserving informative transitions.
Geometry-consistent fusion. When WRITE(t) = 1, we further consolidate
entries that are geometrically consistent. We define a geometric neighborhood
for entry ¢:

N ={i+ lpe = pjll <r, L(vr,v5) <0}, (6)
If N () # 0, we select a fusion target based on semantic similarity in the evidence
space:

j* = argjrenj\a}é) cos(ky, kj), ke = Wyey, (7)
where £ is a key projected from the evidence entry e;. We then fuse e; into e;x;
otherwise, we append (eq, g;) as a new entry. This step reduces repeated evidence
while maintaining a geometry-consistent scene memory.
Geometry-filtered retrieval. Given a query ¢, we obtain a text embedding
qe via a text encoder Fiey and perform coarse-to-fine retrieval. We first retrieve
candidate chunks based on semantic relevance:

5(‘(.7) = COS(qe, kjc)a OtOPk = TOPK({SC(j)}’ KC) ) (8)

which prioritizes recall at a low cost.
Within candidate chunks, we refine frame-level selection by combining se-
mantic relevance with a lightweight geometry term:

Sf (i) = acos(ge, sz) + 8 cos(Qtopos e?ir)a 9)

where Qiopo is a direction-oriented embedding derived from ¢, and e?ir encodes
the viewing direction derived from T;. We select top-K s frames Fiopi according

to sy(4) and gather the corresponding evidence.
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In addition to the retrieved evidence, we construct lightweight summary to-
kens to provide global topological and metric context. Given g., we derive two
query vectors:

Qtopo = Wtopera Qmetric = metricqe> <1O>

where Qopo emphasizes topological cues such as relative direction or connectiv-
ity, and Qmetric emphasizes metric cues such as distance, size, and ordering. We
compute summary tokens via query-conditioned aggregation:

Ztopo — CA(Qtopm Btopo)7 Zmetric = CA(Qmetrica Bmetric)7 (11>

where CA(-) denotes a lightweight query-conditioned aggregation operator. Biopo
contains values from My, and Buetric contains embedded geometric cues from
Mexp-

Finally, we form the context for the video language model by concatenat-
ing the query token, summary tokens, retrieved evidence tokens, and aligned
geometric cues:

Z = COHC&t([TOK(Q)]v Ztopos “metric) {Zi}iGFtopku {gi}iGFmpk)v (12)

where {z;} are evidence tokens from My, and {g;} are aligned geometric
cues from My,. In practice, geometry filtering can be implemented by down-
weighting inconsistent entries during scoring or by masking them before concate-
nation. The resulting sequence Z is projected into the language model embedding
space and fed into the video language model for prediction.

3.4 Unified Consistency Self-Supervised Reinforcement Learning

While geometry-consistent memory organizes evidence efficiently, the model may
still produce different answers when the same question is observed from different
temporal windows or retrieved evidence sets. Such inconsistency indicates brit-
tle spatial grounding under viewpoint changes. We therefore optimize cross-view
geometric consistency after supervised fine-tuning, where SFT provides task-
aligned initialization and UC-SSRL further refines viewpoint stability. Different
from Spatial-SSRL [25], which relies on intrinsic pretext tasks, our objective
derives self-supervised rewards from multi-view consistency in video spatial rea-
soning: if the underlying 3D relations are stable, predictions from different views
should agree.

Two-view sampler. Given a training sample (V, ¢), we construct two observa-
tions for the same question, e.g., two temporal windows, two retrieval contexts,
or two evidence sets:

0i =8V, q;&), 0; =S(V,q;&5), (13)

where S(-) denotes the two-view sampler and &;,&; are stochastic sampling
choices. Feeding (0;,¢) and (0, ¢) into the model yields two predicted answer
distributions 7, ;.
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Unified consistency rewards. We design three complementary self-supervised
rewards to refine answer-level, metric, and relational stability across paired
views.

Two-view answer consistency. We encourage agreement between the two pre-
dicted answer distributions by penalizing their divergence:

Ryr = —aKL(m || ), (14)

which stabilizes answers across different views.

Metric consistency. For metric-related questions, such as distance and size,
let (L and cfj denote the distance estimates inferred from the two views. We
enforce consistency via

Runetric = —1|di — CZJ| (15)

Topological consistency. For relational reasoning, let F; and P; denote nor-
malized relational distributions derived from the two views. We encourage sym-
metric agreement:

Riopo = =B (KL(P; || Pj) + KL(P; || %)) - (16)
‘We combine them into a unified reward:
R = RKL + Rmetric + Rtopm (17)

and optimize the model with a policy-gradient style objective. UC-SSRL is ini-
tialized from the SFT model and refines consistency without additional human
annotations; in our implementation, only LoRA parameters are updated (Fig. ,
making it lightweight and complementary to memory-based evidence organiza-
tion.

4 Experiments

4.1 Evaluation Benchmarks

VSI-Bench. VSI-Bench [45] evaluates visual-spatial intelligence from indoor-
scene videos, requiring models to infer spatial relations and measurements from
continuous observations. It contains over 5,000 question-answer pairs from 288
real-world indoor videos, covering configurational, measurement-estimation, and
spatiotemporal tasks. Following its protocol, we report Accuracy for multiple-
choice answer (MCA) tasks and Mean Relative Accuracy (MRA) for numerical-
answer (NA) tasks. For prediction § and ground truth y, MRA is computed over
tolerance thresholds C = {0.50,0.55,...,0.95}:

MRA = |C|Z ('y vl —9>. (18)

oeC

OSI-Bench. OSI-Bench [44] targets open-world spatial reasoning from pedestrian-
perspective videos with metrically precise 3D ground truth from synchronized
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Table 1: VSI-Bench results. “Avg.” denotes the overall mean. Bold and underline
denote the best and second-best results.
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Method Avg. Numerical (MRA) Multiple-Choice (Acc.)
Proprietary Models (API)
GPT-40 34.0] 46.2 5.3 438 382 370 413 315 28.5
Gemini-1.5 Flash 42.1| 498 30.8 53.5 544 377 41.0 31.5 37.8
Gemini-1.5 Pro 45.4| 56.2 309 64.1 43.6 51.3 46.3 36.0 34.6
Open-source Models
LLaVA-Video-7B 35.6 | 48.5 14.0 47.8 242 435 424 340 30.6
LLaVA-Video-72B 40.9| 489 228 574 353 424 36.7 35.0 48.6
LLaVA-OneVision-7B 324 | 477 202 474 123 425 352 294 24.4
Qwen2.5-VL-7B 33.0] 409 148 434 10.7 386 385 33.0 29.8
LLaVA-OneVision-72B 40.2| 435 239 576 37.5 425 399 325 44.6
Qwen3-VL-8B-Instruct 57.4] 66.7 38.9 741 53.5 59.0 654 32.0 69.4
Specialized Models
Spacer |26] 45.5| 57.8 282 599 47.1 40.1 454 335 52.1
ViLaSR |43] 454| 635 344 60.6 309 489 452 304 49.2
Spatial-MLLM [42] 48.4| 653 348 63.1 451 413 46.2 33.5 46.3
GeoThinker [20] 50.5| 69.5 38.5 57.9 622 452 46.2 314 52.6
VLM-3R |[7] 60.9| 70.2 494 69.2 67.1 654 80.5 454 40.1
Map2Thought |8 61.0| 70.8 55.0 70.1 694 569 69.8 38.1 57.4
Cambrian-S-7B [46] 67.5| 73.2 505 749 722 71.1 76.2 418 80.1
SpaceMind [50] 69.6| 73.3 614 773 742 672 884 443  70.6
ConsiSpacesrr 71.2| 71.0 738 777 717 685 836 49.8 73.8
ConsiSpaceyc-ssrr 76.6| 779 789 82.2 76.3 72.1 90.1 54.7 799

multi-sensor capture. It includes both qualitative relational reasoning and quan-
titative metric or kinematic understanding, making it suitable for testing whether
spatial reasoning gains transfer beyond indoor benchmarks. Following its proto-
col, we report Accuracy for MCA tasks and MRA for NA tasks, where MRA
checks whether the relative error falls below a set of tolerances with a small-value
floor for near-zero targets.

MMSI-Video-Bench. MMSI-Video-Bench [23] evaluates video-based spatial
intelligence with fully human-annotated questions from diverse video sources. It
contains 1,106 questions over 1,278 clips and covers Perception, Planning, Pre-
diction, and Cross-Video Reasoning. Following the official protocol, we report
exact-match accuracy under two input settings: Uniform-50, which feeds ex-
actly 50 uniformly sampled frames per clip, and Sufficient-Coverage, which
uses the full set of frames used during human annotation. These settings evalu-
ate spatial reasoning under a fixed frame budget and under evidence-rich inputs,
respectively.

4.2 Datasets

Supervised fine-tuning. For SFT, we fine-tune the base video language model
on a mixture of indoor and outdoor video spatial reasoning data. For indoor spa-
tial reasoning, we use VSI-590K [46] as the primary instruction-tuning source.
To improve outdoor coverage, we additionally construct nuScenes-10K, an out-
door synthetic set of 10K QA instances from nuScenes |2], using an automated
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Table 2: OSI-Bench results. “Avg.” denotes the overall mean. Bold and underline
denote the best and second-best results.
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Method Avg.|Relational (MCA) Static Metric (M. A) Dynamic Metric (N.A)
Proprietary Models (API)
GPT-5 29.71344 331 495 325 237 209 10.5 33.8 30.6
Gemini-2.5-Pro 37.2150.0 281 525 374 281 37.9 26.8 31.1 40.8
Open-source Models
LLaVA-Video-Qwen2-7B 229|371 31.2 409 176 221 18.2 17.5 19.0 5.7
LLaVA-OneVision-7B 25.7135.1 32.7 40.8 16.1  25.5 25.6 16.8 28.3 13.4
Qwen3-VL-8B-Instruct 31.2 | 38.3 31.2 49.3 21.0 15.1 33.3 21.3 34.3 37.8
Specialized Models
Spacer [26] 30.2 1350 24.6 39.0 36.7 14.0 36.4 24.0 28.4 34.1
ViLaSR [43] 3041426 245 39.0 403 17.1 36.8 15.7 25.8 32.2
Spatial-MLLM [42] 31.3136.0 25.0 415 415 173 38.3 23.0 28.4 30.3
VLM-3R |7] 40.3 | 57.0 43.6 52.3 446 24.6 42.0 34.2 38.5 26.2
ConsiSpacesrr 45.8|58.1 44.2 601 444 355 460 347 41.7 417
ConsiSpaceyc-ssrr 53.0/66.5 51.3 68.7 51.6 41.7 52.7 41.8 48.5 54.4

and programmatically verifiable pipeline based on ego poses and 3D annotations.
We apply geometry-validity filtering, answer parseability checking, consistency
checking, MLLM verification, and de-duplication to 22,518 generated candidates,
yielding 10,000 QA pairs. nuScenes-10K has no shared videos or annotations
with OSI-Bench, except for generic object-category overlap. Manual verification
on 1,000 randomly sampled QA pairs shows 91.6% correctness. Additional de-
tails and verification statistics are provided in Supp. Mat.[A] SFT is performed
with standard maximum-likelihood training to map the concatenated context to
the final answer.

Unified consistency SSRL. UC-SSRL does not require additional human an-
notations beyond the SFT data. We reuse the same training pool and apply a
two-view sampler to construct paired observations for each (V,q), such as two
temporal windows or two retrieval contexts. The model is then optimized with
answer, metric, and topological consistency rewards across paired views. Unless
otherwise stated, only lightweight LoRA parameters are updated during UC-
SSRL, making it complementary to SFT and efficient to run.

4.3 Implementation Details

Architecture. ConsiSpace is built on Qwen3-VL-8B-Instruct [1] with LoRA
adaptation and Geometry-Consistent Memory. We use frozen SigLIP2 [32] as
the visual encoder and frozen VGGT [35] as the geometry encoder. The vision
tower, aligner, and geometry encoder remain frozen, and only LoRA parameters
are updated during both SFT and UC-SSRL.

Memory and retrieval. We use a two-bank Geometry-Consistent Memory
with M =64 memory tokens and feature dimension 512. The memory is organized
into 4 chunks with an 8-head resampler. Hierarchical retrieval uses top-K=8 at
both chunk and frame levels, with 8 value tokens per chunk and 4 value tokens
per frame. Detailed memory injection, gating, retrieval, and backend settings are
provided in Supp. Mat. [B]
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Table 3: MMSI-Video-Bench results. “Avg.” denotes the overall mean. Attr., Inst.,
Cam., Scen., and Inter. denote Attribute, Instance, Camera, Scene, and Interaction,
respectively. MU., and MV. represent Memory Update, and Multi-View Integration,
respectively. Bold and underline denote the best and second-best results within each
setting.

5 5 &

- : ’~ s ~ ; . & . .
Method Spatial Construction Motion Understanding Cross-Video Plan. Pred.|Avg.
(Sufficient-Coverage) Proprietary
GPT-40 229 303 351 261 266 275 24.7 289 24.7 343 257 298 26.8 |28.1
Gemini 2.5 Flash-Thinking 43.4 382 41.6 246 342 362 44.1 344 35.8 36.3  38.6 36.3 31.7 |36.7
(Sufficient-Coverage) Open-source
Qwen2.5-VL-7B 313 21.1 195 304 19.0 312 35.5 36.7 29.6 274 30.0 26.6 35.4 |28.8
Qwen3-VL-8B 278 315 333 269 231 224 27.3 29.6 41.0 284 299 26.5 32.0 |29.1
(Sufficient-Coverage) Specialized Models
Spacer [26| 35.3 29.6 39.2 279 351 27.8 364 282 33.0 359  30.8 28.0 27.3 |31.8
ViLaSR 43| 35.2 295 39.1 278 350 27.7 36.3 28.1 32.9 35.8 307 279 272|317
Spatial-MLLM |42 374 31.7 413 300 372 299 385 30.3 35.1 38.0 329 30.1 294|339
VLM-3R |7] 46.1 404 50.0 387 459 38.6 47.2 39.0 43.8 46.7  41.6 38.8 38.1 |42.6
ConsiSpacesrr 51.8 46.3 55.6 44.6 51.6 445 52.9 44.9 49.6 524 474 447 440 484
ConsiSpacevc-ssrL 61.4 55.2 65.7 53.3 61.1 53.7 62.254.0 58.8 62.0 56.8 53.4 52.9 |57.5
(Uniform-50) Proprietary
Gemini 2.5 Flash-Thinking 43.4 25.0 429 232 329 475 38.7 28.9 38.3 314 286 40.3  31.7 |35.2
GPT-5 4 3 442 39.1 405 41.2 37.6 28.9 42.0 33.3 286 34.7 281 | 36.8
Gemini 3 Pro 44.6 395 442 333 291 43.8 35.5 40.0 38.3 343 371 38.7 354 |38.0
(Uniform-50) Open-source
LLaVA-Video-7B 27.7 289 286 304 19.0 250 312 356 30.9 36.3  20.0 21.0 354 |28.5
Qwen2 L-7B 265 25.0 299 348 202 37.5 333 311 34.6 245 229 34.7 281 |29.7
Qwen3-VL-8B 33.7 250 247 26.1 241 30.0 355 22.2 29.6 314 20.0 25.0 29.3 |27.6
(Uniform-50) Specialized Models
Spacer [26| 36.4 31.1 363 309 323 395 30.5 322 34.0 28.1 29.2 321 275 |323
ViLaSR 43| 36.3 31.0 36.2 308 322 394 304 321 33.9 28.0 29.1 32.0 274|322
Spatial-MLLM |42 385 332 384 33.0 344 416 326 343 36.1 30.2 313 342 296 | 344
VLM-3R |7] 47.2 419 471 41.7 431 50.3 41.3 43.0 44.8 38.9 40.0 42.9 383 |43.1
ConsiSpacesrr 52.9 47.7 52.8 47.5 48.9 55.9 47.1 48.8 50.5 44.8  45.9 48.7 44.2 |48.9
ConsiSpacevc-ssrL 62.6 56.7 62.5 56.8 58.0 65.8 56.258.2 59.9 54.0 55.0 58.1 53.2 |58.1

Training details. We first fine-tune on VSI-590K and nuScenes-10K with stan-
dard maximum-likelihood training. We use LoRA with rank 16 and a=32, bfloat16
precision, and DeepSpeed ZeRO-3. The trainable parameters account for only a
small fraction of the full model parameters, since the base model and encoders
are frozen. We train for 200 steps with learning rate 1 x 10~%, per-device batch
size 1, gradient accumulation 2, and maximum sequence length 5,120. We then
initialize UC-SSRL from the SFT checkpoint, keep the same optimization set-
ting for controlled comparison, and set the overall UC-SSRL weight to 102.
All experiments are conducted on 8xA100 80GB GPUs. Additional optimizer,
LoRA, and runtime details are provided in Supp. Mat.

4.4 Main Results

VSI-Bench. As shown in Tab. [, ConsiSpace achieves 76.6 Avg. with UC-
SSRL, outperforming SpaceMind (69.6 Avg.) by +7.0 points and Qwen3-VL-
8B-Instruct (57.4 Avg.) by +19.2 points. The gains cover both numerical and
multiple-choice tasks, showing improved measurement and relational reasoning.
OSI-Bench. Tab. [2shows that ConsiSpace reaches 53.0 Avg. with UC-SSRL on
OSI-Bench. It improves over VLM-3R (40.3 Avg.) by +12.7 points and Qwen3-
VL-8B-Instruct (31.2 Avg.) by +21.8 points. UC-SSRL further improves over
SFT by +7.2 points, especially on metric-heavy categories, suggesting better
stability under viewpoint changes.
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Table 4: End-to-end efficiency and long-video scaling. All results are measured
on the same A100 80GB GPU under different input budgets.

Method Dur. Frames Mem. (GB)| Inf. (s)| VSIt OSIt MMSI-SCt MMSI-U501
Qwen3-VL-8B ~10-15s 50 19.4 1.32 574 31.2 29.1 27.6
VLM-3R ~10-15s 50 24.8 2.10 60.9 40.3 42.6 43.1
ConsiSpaceyc-ssr.  ~10-15s 50 22.0 1.65 76.6 53.0 57.5 58.1
Qwen3-VL-8B ~20-30s 100 36.5 3.05 58.2 32.1 29.8 28.5
VLM-3R ~20-30s 100 42.0 4.20 68.0 42.0 48.2 49.1
ConsiSpaceyc.ssrL  ~20-30s 100 28.5 2.25 71.6 45.8 53.1 53.8
Qwen3-VL-8B ~120-180s 200 71.2 7.45 57.8 31.5 29.3 27.9
VLM-3R ~120-180s 200 78.5 10.80 69.5 43.5 51.1 52.3
ConsiSpaceyc-ssrL ~120-180s 200 35.0 3.10 72.4 46.8 54.4 55.1

MMSI-Video-Bench. As shown in Tab. [3] ConsiSpace achieves 57.5 Avg. un-
der Sufficient-Coverage and 58.1 Avg. under Uniform-50, outperforming VLM-
3R by +14.9 and +15.0 points, respectively. UC-SSRL consistently improves
over SFT in both settings, indicating that consistency learning benefits both
evidence-rich and fixed-budget inputs.

4.5 Efficiency and Scalability Analysis

Beyond accuracy, we evaluate peak GPU memory, inference time, and accu-
racy under increasing input budgets. All measurements are conducted on the
same A100 80GB GPU, as shown in Tab. [4] At the 50-frame setting, ConsiS-
pace achieves substantially higher accuracy than Qwen3-VL-8B and VLM-3R,
while requiring less inference time than VLM-3R. As the input budget increases,
VLM-3R accumulates dense evidence and its memory and latency grow rapidly.
At 200 frames, VLM-3R requires 78.5GB memory and 10.80s inference time,
whereas ConsiSpace uses only 35.0GB and 3.10s while achieving higher accuracy
on VSI, OSI, and MMSI. These results show that Geometry-Consistent Memory
improves end-to-end long-video scalability, not only retained-entry counts, by
selectively organizing spatial evidence instead of densely retaining all observa-
tions.

4.6 Navigation-Oriented Validation

To connect our video spatial reasoning setting with the navigation-oriented mo-
tivation, we evaluate Habitat ObjectNav next-waypoint prediction. Given ego-
centric history and a navigation query, the model predicts the next direction,
testing navigation-oriented spatial perception rather than end-to-end embodied
control. Tab. [5| shows that ConsiSpace outperforms Qwen3-VL-8B, with further

gains from UC-SSRL.

Table 5: ObjectNav next- Table 6: Ablation on GCM. MMSI-Video is
waypoint. Acc., Succ., and averaged over Sufficient-Coverage and Uniform-
Dist. denote direction accuracy, 50. #Entries denotes normalized retained mem-
distance-reduction success, and  ory entries.

remaining distance. Variant VSIt OSIt MMSI-Videot | #Entries]
Method Acc.T Succ.? Dist.| Full (ConsiSpacesrT) 71.2 45.8 52.3 1.0x
Qwen3-VL-8B 42.6  31.8 4.72 w/o GateWrite 69.8 44.5 47.2 2.3x
ConsiSpacesrr 479 365 431 w/o Fusion 70.3 45.0 47.9 1.8x

ConsiSpaceuc-ssr. 50.8 39.7  4.05 w/o GeoFilter 69.5 43.9 46.0 1.0x
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Fig. 4: Qualitative effect of geometry- Fig.5: Effect of UC-SSRL. UC-
gated writing and fusion. Dense updates =~ SSRL improves over the SFT baseline
introduce redundant points, while GCM  across benchmarks, with larger gains
produces cleaner and more compact point  on OSI-Bench and MMSI-Video where
clouds. Red numbers denote normalized re-  viewpoint changes and metric relations
tained entries. are more challenging.

4.7 Ablation Study

Effect of geometry-consistent memory. Tab.[f|and Fig. [devaluate the GCM
evidence lifecycle. Removing geometry-gated writing increases retained entries
to 2.3, while removing geometry-consistent fusion increases them to 1.8x; both
variants reduce accuracy, showing the importance of suppressing and merging
redundant observations. Removing geometry-filtered retrieval keeps the entry
count unchanged but degrades OSI and MMSI-Video, indicating that retrieval
quality depends on filtering geometrically inconsistent evidence under viewpoint
changes. Qualitatively, GCM produces cleaner and more compact point clouds
than dense updates. Overall, writing, fusion, and retrieval are complementary
for compact and reliable spatial evidence organization.

Effect of the UC-SSRL. Fig.[f]evaluates UC-SSRL starting from ConsiSpaceggr.
UC-SSRL consistently improves all benchmarks, with larger gains on OSI-Bench
and MMSI-Video where viewpoint changes and metric relations are more chal-
lenging. Since UC-SSRL is initialized from the SF'T model, these gains indicate
that consistency rewards refine viewpoint stability rather than learning task

correctness from scratch.
Table 7: UC-SSRL reward ablation. Table 8: Robustness to noisy VGGT

We ablate answer-level, metric, and topo- geometry. We perturb VGGT geometry

logical consistency rewards. before GCM operations.

Rkt Rumetric Reopo| VSIT OSIt MMSI-SCT MMSI-U501 Method Noise VSIT OSIt SCT U501
X X X |71.2 458 48.4 48.9 GeoThinker Clean 72.6 44.5 48.2 49.1
v X X |735 482 52.1 52.6 ConsiSpaceyc-ssrr, Clean 76.6 53.0 57.5 58.1
X v X | 72.8 49.0 51.4 51.9 GeoThinker 10% 70.8 42.1 45.3 46.5
X X v | 729 471 51.7 52.2 ConsiSpaceyc-ssrr. 10% 75.9 52.4 56.8 57.4
oo/ X751 516 554 56.0 GeoThinker 20% 68.4 38.8 41.6 42.8
A v |754 503  55.7 56.4 ConsiSpacevc.ssr, 20% 74.9 51.3 55.6 56.1
x v v/ |745 508  54.8 55.5 -

GeoThinker 30% 65.2 35.1 38.2 39.4
v v v ‘76.6 53.0 57.5 58.1 ConsiSpaceyc-ssrr, 30% 73.1 49.6 53.4 54.3

UC-SSRL reward ablation. Tab.[@ablates the three UC-SSRL rewards. Each
reward improves over SFT, pairwise combinations bring further gains, and the
full objective performs best across VSI, OSI, and MMSI-Video. This shows that
answer-level, metric, and topological consistency are complementary, and that
UC-SSRL refines cross-view stability from an SFT-initialized model rather than
learning correctness from consistency alone.
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Robustness to noisy geometry. Tab. [§] evaluates robustness to perturbed
VGGT geometry. We add noise to depth, translation, and rotation cues before
GCM operations while keeping RGB inputs and questions unchanged. Perfor-
mance degrades gradually as noise increases, but ConsiSpace remains consis-
tently stronger than GeoThinker, suggesting that GCM benefits from geometry
cues without requiring perfect geometry estimates.
Summary vs. Top-K readout. Table 9: Readout strategy ablation.
Tab. [0] ablates the readout strategy We compare summary-only, Top-K-only,
from the Geometry-Consistent Mem- and their combination under the same back-
ory. Summary-only readout lacks fine- Pone and memory budget.
grained local evidence, while Top- —Yeriart VSIT OST T MMSI-SC T MMSI-USO0 1
K k Summary + Top-K 71.2 45.8 51.8 52.9
K-only readout misses global spatial  summary-only 60.8 439 187 471
context. Combining summary tokens fony 109 62 3 209
with Top-K retrieval gives the best overall performance, showing that global
summarization and sparse evidence selection are complementary.

Table 10: Sensitivity to writ- Table 11: Sensitivity to fusion thresholds.
ing thresholds. VSI and OST av-  VSI and OSI averages under different fusion
erages of ConsiSpacessr under dif-  neighborhoods (r, ). #Entries denotes retained
ferent (7p,79). The default setting  entries normalized by the default (0.40 m, 30°).

is (0.15m, 15%). r (m) 0 (deg)|VSH+ OST} #Entries],
o (m) 7o (deg)|VSIt OSIT 020 30 |71.0 455 1.18x
8}2 }2 7712 jgg 0.40 30 |71.2 45.8 1.00x
02 1o lvee 1 0.60 30 |70.9 454 0.92x
0.15 10 |71.1 45.7 0.40 15 71.1 45.6 1.10x
015 15 |71.2 45.8 040 30 |71.2 45.8 1.00x
015 30 |70.8 454 040 45 |70.8 453  0.94x

Threshold sensitivity. Tab. [I0]and Tab. [I1] evaluate the sensitivity of writing
thresholds (7, 79) and fusion neighborhood thresholds (r, ). Around the default
settings, VSI and OSI vary only slightly, indicating that both geometry-gated
writing and geometry-consistent fusion are robust to threshold choices. For fu-
sion, the retained entries change as expected: smaller neighborhoods retain more
entries, while larger neighborhoods enable more aggressive fusion. Overall, Con-
siSpace exhibits a broad stable regime and does not rely on finely tuned geometric
thresholds.

4.8 Qualitative Results

Geometry-filtered retrieval. Fig. [f] visualizes the two-stage retrieval process.
After chunk-level semantic retrieval, GCM performs frame-level selection with a
direction-consistency cue. Frames that match the query semantics but conflict
with the inferred viewpoint are suppressed.

Consistency under revisit views. Fig. [7] shows a revisit-view example for
UC-SSRL. Given the same video and query, baseline models produce different
answers across nearby viewpoints, indicating unstable spatial grounding. In con-
trast, ConsiSpace with UC-SSRL gives consistent predictions across View A
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Fig. 6: Qualitative visualization of geometry-filtered retrieval. GCM first re-
trieves semantically relevant chunks and then selects frames using direction consistency.
Gray X denotes suppressed frames, and green v denotes selected evidence.
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Fig. 7: Consistency under revisit views. Given the same query, baseline models
produce inconsistent counting answers across two revisited viewpoints, while ConsiS-
pace with UC-SSRL gives consistent predictions.

and View B. This suggests that UC-SSRL refines viewpoint stability after SFT,
rather than learning task correctness from consistency alone.

Additional visualizations. We provide more qualitative examples on VSI-
Bench, MMSI-Video-Bench, and OSI-Bench in the Supp. Mat.[C]

5 Conclusion

In this paper, we propose ConsiSpace, a geometry-consistent framework for
video spatial reasoning. ConsiSpace builds a Geometry-Consistent Memory on
top of generic video encoders and VLMs, and manages evidence via geometry-
gated writing, geometry-consistent fusion, and geometry-filtered retrieval to re-
duce redundancy and retrieve query-relevant spatial cues. We further introduce
a Unified Consistency SSRL objective that encourages cross-view spatial agree-
ment after supervised fine-tuning, improving viewpoint stability without addi-
tional human annotations. Experiments on three challenging video spatial rea-
soning benchmarks show that ConsiSpace consistently outperforms strong prior
methods. We hope our results highlight geometric consistency as a simple and
effective principle for robust video spatial reasoning.
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A Outdoor Data Synthesis

This section describes our automated pipeline for synthesizing nuScenes-10K,
an outdoor spatial-reasoning instruction set from nuScenes [2]. nuScenes-10K
complements the indoor VSI-590K training data with outdoor geometry pat-
terns, such as long-range depth, large-scale scenes, and dynamic agents, while
keeping the supervision compatible with our video spatial reasoning formulation.

A.1 Data Sources and Representations

We build on nuScenes sequences with calibrated multi-camera imagery, ego
poses, 3D object annotations, and optional LiDAR-based geometric verification.
For each driving clip, we sample short temporal windows and form a multi-
view video input V = Itz;l using the same frame-budget setting as training.
We reuse the same geometry extraction stack as in the main pipeline, including
pose and depth cues, so that outdoor samples follow the same input interface as
ConsiSpace.

A.2 Automated Instruction and Answer Generation
For each clip, we generate question-answer pairs covering three families:

— Topological and relational: relative direction, relative ordering, and ego-
heading-conditioned spatial relations.

— Metric: approximate distance, size comparison, and nearest or farthest ob-
ject queries, with numeric, binned, or multiple-choice answers.

— Motion and interaction: whether an agent approaches, recedes, crosses,
or changes its relative state within the temporal window.

Questions are generated by templates with controlled lexical diversity. Answers
are computed from calibrated geometry: we transform 3D object centers into the
ego frame, derive relative directions by azimuth with respect to the ego forward
axis, and compute metric quantities by Euclidean distance with optional depth
verification. For multiple-choice questions, we construct fixed option sets and
keep only samples with unambiguous labels.

A.3 Quality Control and Verification

We generate 22,518 candidate QA pairs and apply multi-stage filtering to im-
prove label reliability. Specifically, we filter candidates by geometry validity, an-
swer parseability, consistency checking, MLLM verification, and de-duplication,
yielding 10,000 final QA pairs. Tab. [12] summarizes the filtering statistics.

We further check potential overlap between nuScenes-10K and OSI-Bench.
nuScenes-10K uses autonomous-driving ego-pose and 3D-box annotations, while
OSI-Bench uses pedestrian-view videos with independent 3D ground truth and
QA protocols. We find no shared videos or annotations between the two datasets,
with only generic object-category overlap.
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Table 12: nuScenes-10K filtering Table 13: Human verification of
statistics. Multi-stage filtering reduces nuScenes-10K. Manual verification on
22,518 generated candidates to 10,000 fi- 1,000 random QA pairs shows 91.6% cor-

nal QA pairs. rectness.
Stage #QA Ret. Category Ratio Main reason
Raw candidates 22,518 100% 5 B . /. . /
GE:‘T::;;(VAI“T 19,;06 88,0“‘/00 Corrftct ) 91.6% Valid ?bJect,/' rel‘?mon/ answer
Parseable 17,932 79.6% Ambiguous reference 3.4%  Multiple plausible objects
Consistency checked 14,516 64.5% Occluded / distant 2.1% Hard to verify visually
MLLM pass 11,842 52.6% Annotation sparsity  1.7% Missing/incomplete 3D box
De-duplicated 10,436 46.3% Incorrect 1.2% Wrong relation/metric answer
Final 10,000 44.4% it € /

To estimate label quality, we manually verify 1,000 randomly sampled QA
pairs. As shown in Tab. 91.6% of the verified samples are correct. The re-
maining errors mainly come from ambiguous references, occlusion or distance
ambiguity, sparse annotations, and incorrect metric or relation answers. We keep
the final data format identical to indoor instruction tuning, enabling mixed SFT
training with VSI-590K.

B More Training and Implementation Details

B.1 Backbone and Adaptation

We build ConsiSpace on Qwen3-VL-8B-Instruct and apply LoRA to the
language-model linear layers. The visual encoder, aligner, and geometry en-
coder are frozen throughout both SFT and UC-SSRL. Unless otherwise stated,
all training uses bfloat16 precision with DeepSpeed ZeRO-3. This design keeps
training lightweight and makes UC-SSRL a post-SF'T refinement stage rather
than full-model retraining. LoRA uses rank 16 and scaling factor a=32. The
trainable-parameter ratio is small because only LoRA parameters are updated.

B.2 SFT Settings

We instruction-tune the model on a mixture of indoor VSI-590K and outdoor
nuScenes-10K using next-token prediction. The default configuration is:

— Optimization: AdamW optimizer, learning rate 1 x 10~%, per-device batch

size 1, gradient accumulation 2, and 200 training steps.

LoRA: rank 16 and scaling factor a=32.

Sequence length: maximum sequence length 5,120 with right truncation.

— Efficiency settings: FlashAttention, padding-free batching, gradient check-
pointing, and multi-process data loading.

B.3 GCM Configuration

We enable the Geometry-Consistent Memory during both SFT and UC-SSRL.
The memory uses M =64 memory tokens with dimension dyem=512 and nchunks=4
chunks. Memory tokens are injected every 4 transformer layers starting from
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layer 8. Retrieval uses fused hierarchical selection with top-K chunk retrieval
and top-K frame retrieval, both set to K=8. Each chunk contains 8 value tokens,
and each selected frame contributes 4 value tokens. We use FAISS acceleration
and cache retrieval keys when possible to reduce repeated retrieval overhead.

B.4 UC-SSRL Settings

UC-SSRL is initialized from the SFT checkpoint and updates only LoRA param-
eters. We keep the same batch size, step count, and optimizer setting as SFT for
controlled comparison. The overall UC-SSRL weight is set to 1 x 10~2. The two-
view sampler constructs paired contexts by perturbing temporal windows and
retrieval contexts while keeping the underlying scene and question unchanged.
This setting optimizes cross-view consistency without requiring additional hu-
man annotations.

B.5 Inference Protocol

We follow the official evaluation protocol of each benchmark. For VSI-Bench and
OSI-Bench, we use their official MCA and NA evaluation metrics. For MMSI-
Video-Bench, we report both Sufficient-Coverage and Uniform-50 settings. Un-
less otherwise stated, all methods use the same decoding parameters and frame-
budget settings for fair comparison. Efficiency and scalability experiments are
measured on the same A100 80GB GPU setting.

C Visualization

Figs. [8 [0} andI0] provide additional qualitative examples on VSI-Bench, MMSI-
Video-Bench, and OSI-Bench. The examples cover metric estimation, relative-
direction reasoning, object counting, navigation, and motion-related questions.
Compared with the baseline, ConsiSpace produces answers closer to the ground
truth across different spatial reasoning settings, supporting the effectiveness of
geometry-consistent evidence organization.

D Limitation

While ConsiSpace improves efficiency and robustness through geometric consis-
tency, several limitations remain:

— Geometry estimation errors. ConsiSpace uses predicted pose and depth
cues for memory control. Errors under motion blur, reflective surfaces, or
textureless regions may affect writing, fusion, and retrieval quality.

— Threshold-based memory control. Although our sensitivity analysis shows
stable performance across a range of thresholds, adaptive gating and fusion
may further improve robustness across diverse scenes.
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— Long-horizon scaling. Extremely long videos may still require stronger
memory compression or learned eviction strategies to maintain bounded
compute under strict budgets.

Future work may improve geometry estimation, develop adaptive memory con-
trol, and extend consistency learning to broader video spatial reasoning settings.
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E—?SD Measuring from the closest point of each object, what is the distance between the toilet and the bathtub (in meters)?

GT: 0.4, Cambrian-S: 1.0, Ours: 0.6
C—E‘J@) What is the length of the longest dimension (length, width, or height) of the bathtub, measured in centimeters?

GT: 163, Cambrian-S: 150, Ours: 165

—(® If I am standing by the telephone and facing the pillow, is the door to my front-left, front-right, back-left, or back-right?
& A back-left B.front-left C. front-right D. back-right

GT: B, Cambrian-S: C, Ours: B

(@) If I am standing by the pillow and facing the keyboard, is the fan to my left, right, or back?
=~ A.right B. bacl C. left D. front
& gh k  C.lef fi

GT: A, Cambrian-S: B, Ours: A

= low many sofas are in this room? : 3, Cambrian-S: 2, Ours:
@ How many sof h 6T: 3, Camb 2, Ours: 3

C—?J@) How many chairs are in this room? GT: 2, Cambrian-S: 4, Ours: 2

=® You are a robot beginning at the refrigerator and facing the refrigerator. You want to navigate to the recycling bin.

You will perform the following actions (Note: for each [please fill in], choose either ‘turn back," ‘turn left,’ or "turn
right.'): 1. [please fill in] 2. Go forward until the suitcase 3. [please fill in] 4. Go forward until the printer 5. [please
fill in] 6. Go forward until the recycling bin. You have reached the final destination.

A. Turn Left, Turn Left, Turn Right  B. Turn Right, Turn Left, Turn Right

C. Turn Left, Turn Right, Turn Right  D. Turn Left, Turn Left, Turn Left

GT: A, Cambrian-S: B, Ours: A

—(® If I am standing by the stove and facing the sofa, is the tv to my front-left, front-right, back-left, or back-right?
&7 A front-left B. back-right  C. back-left D. front-right

GT: A, Cambrian-S: C, Ours: A

f I am standing by the stove and facing the sofa, is the tv to my left, right, or back?
.back  B.right C.left

%J@I

GT: C, Cambrian-S: B, Ours: C

Fig. 8: Qualitative results on VSI-Bench.
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=® This video is non-sequentially filmed in a building, and it is known that there are only two toilets and one staircase inside this building. Currently,

I am facing a large gray refrigerator. I want to go to the toilet and need to plan a route to reach the toilet as quickly as possible. What are the
correct steps fo take next?

A. Turn right, go straight into the new room, then turn right and walk out of the room, open the door opposite the staircase and go in.

B. Turn right, go straight info the new room, then turn right and walk out of the room fo reach the staircase and go upstairs.

C. Turn left, go straight into the new room, then turn right and walk out of the room to reach the staircase and go upstairs.

D. Turn left, go straight into the new room, then turn right and walk out of the room, open the door on the left side of the staircase and go in.

GT: C, Cambrian-S: B, Ours: C

=@ For the black car shown in this image, to leave this square parking area, how many accessible routes are there in total?

A3 B4 (5

GT: B, Cambrian-S: A, Ours: B

\ ,F o~ A 3 . = - = \
Sl VR ™ NN b 7' 8 il
Q) This is a video of a car driving. Assuming the distance between the same ends of two solid white lines on the road in
&5¢ the video is 3 meters, how many meters did the car travel in this video segment?
A.2lm B.18m €. 195m D.185m

GT: C, Cambrian-S: A, Ours: C

LI B

C_TSD This is a video of indoor scene roaming. Define the front of the chair as the side a person faces when sitting on it in
=~ normal use. Take the front of the first chair seen when entering the door as the 0-degree forward direction. Where is
the floor mirror located in the scene?
A. Clockwise 90 degrees B. Counterclackwise 90 degrees
B. C. Clockwise 45 degrees  D. Counterclockwise 45 degrees

GT: C, Cambrian-S: B, Ours: C

e woarn
-

— = S = 3 / w}% : T t.i - [ ——
N R e e 5/ ( b% [ (/ .é-

C:TJ@) Assuming you are currently facing the green chopping board, what will you see if you turn clockwise in the order of
first seeing this type of object?
A. Door, chair, table, refrigerator B. Chopping board, refrigerator, red sofa, chair
C. Chopping board, refrigerator, chair, door  D. Refrigerator, kettle, plate, door

GT: A, Cambrian-S: B, Ours: A

CE@ Observe this first-person cooking video. At 26.50 seconds, what will you see when you turn around?
A. Dining room table B. Chair in the dining room
C. Large wooden door  D. A door leading to another room

GT: D, Cambrian-S: C, Ours: D

Fig. 9: Qualitative results on MMSI-Video-Bench.
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—(@) Measuring from the closest point of each object, which of the following is closest to the canopy with blue
& roof(id: 20): row of bicycles under canopy(id: 10), canopy structure(id: 19), drainage grate(id: 08), or
motorcycles(id: 21)?
A. row of bicycles under canopy(id: 10) B. canopy structure(id: 19)
C. drainage grate(id: 08) D. motorcycles(id: 21)

GT: B, Cambrian-S: C, Ours: B

5@ Measuring from the closest point of each object, which of the following is closest to the manhole cover(id: 13):
canopy structure(id: 19), row of bicycles(id: 17), motorcycles under canopy(id: 07), or drainage grate(id: 08)?
A. canopy structure(id: 19) B. row of bicycles(id: 17)
C. motorcycles under canopy(id: 07) D. drainage grate(id: 08)

GT: C, Cambrian-S: A, Ours: C

C—?_@ What is the displacement distance of the person wearing gray shirt(id: 16) between 6.2s and 18.7s in meters?

GT: 2.68, Cambrian-S: 1.4, Ours: 2.51

~(@) At approximately 8.3 seconds into the video, what is the Euclidean distance of the white sign(id: 11) from the
& camera in meters?

GT: 4.25, Cambrian-S: 3.4, Ours: 4.41

C—?@ If I am standing by the stroller(id: 06) and facing the stroller(id: 07), is the Chanel logo(id: 11) to my front-
left, front-right, back-left, or back-right?
A. front-left  B. front-right
C. back-left D. back-right

GT: A, Cambrian-S: C, Ours: A

5@ Assuming the video is recorded from a first-person perspective, which of the provided options best describes
the person's overall movement throughout the entire duration of the video?
A. straight B. left turn
C. right turn D. VU turn

GT: B, Cambrian-S: A, Ours: B

E—?SD How long has the camera travelled throughout the entire duration of the video in meters?

GT: 3.9, Cambrian-S: 2.4, Ours: 3.5
C—?_@ What's the distance between the center of the black trash bin(id: 06) and the carousel structure(id: 20) in meters?
6GT: 11.10, Cambrian-S: 9.67, Ours: 10.53

Fig. 10: Qualitative results on OSI-Bench.
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