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Supplementary Material

A. Details of Fig.1
A.1. Four Subfigures at the Corners

The four subfigures at the corners elaborate SenseNova-
SI's performance on four core spatial capabilities (i.e.,
Perspective-taking, Spatial Relations, Metric Measurement,
and Comprehensive Reasoning). Through data scaling,
SenseNova-SI surpassing open-source models and even
outperforms GPT-5 in specific spatial abilities, such as
Perspective-taking. The lines denote the average perfor-
mance across benchmark subtasks within each capability,
while the shaded regions (confidence bands) represent 0.5
standard deviation. The detailed benchmark sub-tasks asso-
ciated with each spatial capability are listed below.

* Perspective-taking. VSI-Bench: Obj. Rel. Direction;
MMSI-Bench: Positional Relationship subtasks (Cam-
Cam, Obj-Obj, Reg-Reg, Cam-Obj, Obj-Reg, Cam-Reg),
Motion subtasks (Motion-Cam, Motion-Obj); SITE:
multi-view & cross-image reasoning.

* Spatial Relations. VSI-Bench: Obj. Rel. Distance;
SITE: 3d information understanding, spatial relationship
reasoning.

¢ Metric Measurement. VSI-Bench: Obj. Size, Room
Size, Obj. Abs. Distance; MMSI-Bench: Attribute
Meas..

e Comprehensive Reasoning. VSI-Bench: Obj. Cnt., Obj.
Appear Order, Route Plan; MMSI-Bench: MSR.

A.2. Normalization for Radar Chart Visualization

For the radar charts in Fig. 1, we apply normalization to en-
able a fair and intuitive comparison of relative performance.
Specifically, for each metric, we first scale all values by di-
viding them by the maximum value observed across mod-
els. We normalize all metrics so that the best score among
the models is mapped to 1.0 and the worst score is mapped
to 0.2. The radar chart axes have a range of 0.0 to 1.0.

B. Additional Details in Data Curation

Our unified data pipeline collects data from diverse sources
and efficiently converts them into reliable, high-quality QA
and Chain-of-Thought (CoT) labels.

B.1. Data Processing
B.1.1. Unified Annotation.

We standardize heterogeneous raw data from source
datasets into a unified set of spatial and multi-view anno-
tations. Specifically, we convert existing formats and aug-
ment the data with additional labels to obtain: 3D camera

poses, 3D object poses including bounding boxes and ori-
entations, 2D point and object visibility, and rich semantic
labels of object and human—object interaction descriptions.

B.1.2. Dataset-specific Processing.

* ScanNet [14], ScanNet++ [69]. These datasets provide
3D camera poses, 3D object bounding boxes, and 3D
point clouds with object IDs. For each camera view, we
project the 3D point cloud onto the image plane to estab-
lish correspondences between 2D pixels and 3D points,
and to derive per-object projected and visible 2D bound-
ing boxes.

* SUN RGB-D [47], CA-1M [29]. These datasets provide
3D camera poses, 3D object poses, and 2D object bound-
ing boxes. Building on this, we refine and standardize the
3D object orientations, discard object categories whose
orientations are inconsistent across scenes, and, using the
accurate orientation labels, further annotate possible hu-
man—object interactions with hypothetical 3D poses and
rich textual descriptions.

* MessyTable [6]. This dataset provides 3D camera poses,
2D object bounding boxes, and cross-view instance as-
sociation labels (the same object instance is assigned the
same instance ID in different viewpoints). We further em-
ploy a vision—language model (VLM) to annotate fine-
grained textual descriptions of object appearance details.

B.2. Object Selection

We adopt a unified object selection pipeline to retain only
recognizable objects with sufficient informative details cap-
tured within each frame. The resulting per-frame object sets
provide a clean and reliable basis for cross-frame associa-
tion analysis and QA construction.

B.2.1. Semantic Filtering.

We first filter out object categories with weak geometric
structure and ambiguous 3D position, such as floor, ceil-
ing, and wall, as well as objects with unclear or undefined
semantic labels.

B.2.2. Visibility-based Filtering.

* Minimum Visible Size. We keep only the objects whose
visible 2D bounding box (i.e., the portion not occluded by
other objects and lying within the camera view) occupies
at least a certain fraction of the image area.

* Visibility Ratio Threshold. We further discard objects
whose visible 2D bounding box area falls below a fixed
ratio of their total projected 2D bounding box area.



[Corr Object] Which bbox in image 2 corresponds to object at bbox Ref in image 1? - B

Figure 4. Hard cases in MessyTable [6], where multiple instances
of the same object class are present in the same scene.

B.3. Image Selection

To derive multi-view image sets that are well-posed, vi-
sually associated, and sufficiently challenging, we adopt a
three-stage image selection pipeline.

B.3.1. Basic Pose Filtering.

We first discard views with extreme camera poses. In partic-
ular, we remove images whose camera pitch (severely top-
down or bottom-up) or yaw deviates excessively from the
typical viewing direction. This step eliminates degenerate
or highly uninformative viewpoints.

B.3.2. Cross-view Association Control.

e Connectivity. We select images into sets in a manner
such that, for any pair of images in the same set, there ex-
ists at least one connecting path, along which every pair
of adjacent images satisfies a minimum association score.
The calculation of the association score depends on the
available annotation. For datasets with 2D point visibil-
ity, we compute the score based on the number of overlap-
ping visible points. Otherwise, we compute the number
of shared visually valid objects.

 Difficulty. To avoid trivial cross-view associations, we
enforce that the association score between any pair of im-
ages does not exceed a specified maximum. We further
exploit dataset-specific properties to design richer forms
of difficulty control. For example, as shown in Fig. 4, we
emphasize hard cases in MessyTable where multiple vi-
sually similar or identical objects exist in the same scene.
In such cases, establishing cross-view associations re-
quires fully understanding of the 3D spatial layout, while
appearance-based shortcuts are impossible.

B.3.3. Full-scene Coverage Selection.

For scan-based datasets with point-level annotations, we
further extend our selection to image sets with broader cov-
erage of the scenes. Leveraging the temporal continuity
of the scan videos, we design a time-efficient greedy algo-
rithm that iteratively adds views to maximize point cover-
age, while maintaining the cross-view connectivity and dif-
ficulty constraints above. The resulting procedure is sum-
marized in Algorithm 1.

Algorithm 1 Frame Selection with Overlap Control

Require: Video frames {f1,...
minimum frames N;, = 16
Ensure: Selected frame set .S
1: C < 0 {Initialize covered point set}
S < {f1} {Start with first frame}
C + Vf1
for k =2to T do
pr < |Vi, N C|/|Vy,| {Compute overlap with cov-
erage}
6: if 0.03 < pi < 0.20 then
7: S« SU{fr}
g:
9

, fr}, visible points Vy,,

C + C U Vy, {Update covered points }

. end if
10: end for
11: if |\S| < Npin then
12:  Insert additional frames uniformly in temporal gaps

until |S| = Nuin

13: end if
14: return S

B.4. QA Selection

We apply quality control and quantity balancing to ensure
reliable QA generation.

B.4.1. Ambiguity Reduction.

* To avoid ambiguous references when questions involve
object names, we require that only a single instance of
queried semantic object category is present within the im-
age set.

* We discard cases in which the angular range of a ref-
erenced direction cannot be clearly mapped to a unique
spatial sector (e.g., front/left/right). Such ambiguous ge-
ometric configurations are removed to avoid confusion in
answer interpretation.

B.4.2. Balanced Sampling.

We encourage both textual and visual diversity while main-

taining balanced sampling.

» For questions with the same underlying intent, we ran-
domly vary the textual descriptions (e.g., paraphrased
phrasings and directional expressions), while capping the
total number of samples to avoid redundancy.

* Within each image set, we select diverse combinations
of objects to construct QAs, while limiting the number
of QAs per set to maintain a balanced distribution across
different scenes.

B.5. Chain-of-Thought (CoT) Strategies

We explore three Chain-of-Thought (CoT) strategies for
multi-frame reasoning.



VSI-Bench  MMSI-Bench MindCube ViewSpatial SITE  Avg.
Dataset MRA, Acc  * Acc * Acc « Acc K« CAA x| -
Random Choice 34.0 - 250 - 33.0 26.3 - 00 - |237
InternVL3-8B [74] 42.1 - 28.0 - 415 - 386 - 41.1 - | 383
VLM-3R-DATA [17] 53.9 2 285 2 348 3 542 4 36.7 3 | 41.6
VSR [34] 41.1 3 283 3 379 2 559 2 409 1 | 4038
Rel3D [22] 39.3 4 269 7 398 1 577 1 395 2 | 406
VSI5S90K [68] 64.0 1 29.0 1 267 7 48.1 5 347 5 |405
SPEC [44] 38.7 5 276 5 336 4 547 3 348 4 ]379
SAT [45] 30.5 6 268 9 29.1 6 428 6 21.3 8 | 30.1
GQA [25] 26.6 9 274 6 247 8 422 7 234 7 | 289
MultiSPA [63] 21.8 10 27.7 4 228 9 344 9 322 6 | 278
CLEVR [27] 29.7 8 256 10 300 5 331 10 18.6 10| 274
VQA[1] 30.0 7 269 7 153 10 394 8 202 9 | 264

Table 5. Evaluation on key spatial intelligence benchmarks using InternVL3-8B trained on each single dataset. x: ranking on each
benchmark. Dark purple highlights the best result and light purple indicates the second-best result within models trained on different

single datasets, respectively.

VLM-generated CoT. We provide QA pairs and step-wise

instructions to GPT-5 for CoT annotations.

MindCube Aug-CGMap CoT. MindCube [70] uses dis-

crete 2D cognitive map (CogMap) to describe top-down

view of the scenes, projecting objects and cameras onto a

2D grid. The designed CoT contains two steps:

* CGMap Inference. Directly generate a JSON-formatted
CogMap with a discretized grid (e.g., 10 x 10), encoding
approximate positions and four-direction orientations of
objects and camera views.

* Free-Form Reasoning. Perform free-form reasoning on
camera changes between consecutive frames, relate ob-
servations across views, and finally derive the answer
from the aggregated observations.

Our Procedural CGMap CoT. We also adopt a top-down

CogMap representation, but use continuous (non-gridded)

coordinates and construct the CogMap in a procedural, step-

by-step manner interleaved with textual reasoning. This

CoT design exhibits improved geometric accuracy and more

coherent reasoning, particularly in scenes with complex ob-

ject layouts and diverse viewpoints. Experimental results
can be found in Sec. 5.6. The detailed procedure is as fol-
lows:

* Keyframe Localization. Identify the keyframe set A in
which the queried objects appear. These frames are em-
phasized during subsequent reasoning.

* Incremental Relative Camera Estimation. Traverse
frames in temporal order. For each adjacent pair of
frames, describe the shared objects and estimate coarse
camera pose changes.

¢ CogMap Construction. Construct the CogMap along
the keyframe set A, following an efficient path inferred
from the previous step. We build a global CogMap and
fix its origin and positive y-axis with the first keyframe

as reference. For each new frame, we perform metric 3D
grounding of newly observed objects, estimate the cam-
era rotation and translation relative to the reference frame,
and then transform the placement of the new camera view
and objects into the global CogMap.

* Answer Derivation. We may flexibly rotate the CogMap
coordinate system according to any desired allocentric
transformation, and reason about geometric relations
(e.g., distances, angles, relative ordering) to produce the
final answer.

C. Full Results of Single Dataset Training

For each dataset, we train a model on its training set and
evaluate its performance on five key spatial intelligence
benchmarks: VSI, MMSI, MindCube, ViewSpatial, and
SITE. As shown in Tab. 5, training on a single dataset of-
ten yields strong performance on a few benchmarks while
sacrificing performance on others. For example, a model
trained solely on VSI-590K achieves the best MRA accu-
racy on VSI (64.0), but its results on tasks like MMSI,
MindCube, and SITE drop noticeably. This pattern high-
lights that no single dataset provides comprehensive spatial
intelligence coverage, and therefore mixed-data training is
crucial for building more balanced models. As different
datasets tend to bias the model toward a particular subset
of spatial reasoning skills, determining how to effectively
balance datasets during training remains an open challenge.
This table also provides the community with a useful ref-
erence for dataset selection, helping researchers understand
which datasets contribute to which aspects of spatial reason-
ing and how to design more complementary training mix-
tures.



Train MM MR SR PT CR

MM +525% -7.6% +18.4% +6.4% +8.4%
SR +10.6% -61.5% +18.7% -192% -6.0%
PT +3.0% +46.1% -02% +83.8% +10.9%

Table 6. Capability transfer matrix. Each row shows the per-
centage change in model performance on other key spatial capa-
bilities after training on data corresponding to a specific capability.

D. Capability Transfer Matrix

We study the capability transfer matrix by training
SenseNova-SI-8B on MM, SR, and PT with sufficient
training data (>1M), and observe that there exists cross-
capability synergy in Tab. 6. For example, PT may act as a
more comprehensive capability benefiting others.

E. Impact of Scaling on Benchmarks

In Fig. 1, we illustrate the effect of data scaling on model
performance, grouped by core spatial capabilities. In con-
trast, Tab. 7 presents the scaling effects at the benchmark
level. Across both views, we observe a consistent trend:
model performance improves steadily as more data is intro-
duced during training, validating that high-quality, diverse
spatial data is effective in addressing key knowledge defi-
ciencies in spatial intelligence.

#Data VSI-Bench MMSI-Bench MindCube* ViewSpatial SITE

Metric MRA, Acc Acc Acc Acc CAA
oM 42.1 28.0 41.5 52.0 42.1
M 56.3 36.0 58.8 55.2 44.5
2M 60.3 39.6 76.2 56.7 47.1
M 64.4 41.9 81.1 56.2 46.7
iM 62.7 41.9 83.9 55.6 45.2
M 65.9 40.8 81.7 53.7 46.0
6M 66.3 41.8 85.0 55.2 47.0
™ 67.9 42.3 85.7 54.7 46.5
M 68.7 433 85.6 54.6 47.7

Table 7. Impact of scaling on key SI benchmarks. MindCube*
denotes MindCube-Tiny. OM indicates base model (InternVL3-
8B) whereas 8M indicates SenseNova-SI [pernvi3-sB.

F. Retention of General Capabilities

To evaluate whether SenseNova-SI retains its general un-
derstanding capabilities after continued training on spa-
tial intelligence data (i.e., SenseNova-SI-8M), we evalu-
ate its performance on additional multimodal benchmarks:
MMBench-En [35] and MMStar [10] for holistic mul-
timodal understanding, AI2D [24] for scientific diagram
reasoning, OCRB [36] and DocVQA [41] for text-rich
image and document understanding, MMVP [50] and
V* [61] for fine-grained visual perception and grounding,

MMMU [72] for multidisciplinary multimodal reasoning,
and Vid-MME [19] for video understanding.

As shown in Tab. 8, SenseNova-SI Qwen3-vigp and
SenseNova-SI emvrs2p  exhibit minimal performance
drops on MMBench-En relative to their respective base
models, while SenseNova-SI pagel-78-MoT and SenseNova-SI
InternVL3-88 €ven show slight improvements. Across the re-
maining three benchmarks, only marginal declines are ob-
served.

Notably, compared with other open-source spatial-
intelligence models, SenseNova-SI maintains competitive
general visual understanding. Furthermore, prior studies
(such as VST [66] and Cambrian-S [68]) suggest that incor-
porating additional general visual understanding data can
further preserve or enhance this capability, a direction we
plan to explore in future work.

G. Text-only Training

To further investigate the potential impact of language
shortcuts, we conduct an experiment in which models are
trained on text-only data, with all visual inputs removed
(Tab. 9). The results show that text-only training yields
substantially smaller gains, indicating that visual input is
critical. Moreover, we observe that certain benchmarks are
highly resistant to language shortcuts. For example, on
MMSI-Bench, text-only training brings only minimal im-
provements.

H. Downstream Task

H.1. Embodied Agent for Manipulation.

To evaluate the practical utility of SenseNova-SI’s enhanced
spatial intelligence, we conduct downstream robot ma-
nipulation experiments on EmbodiedBench [65], focusing
specifically on its spatial subset. In this setting, SenseNova-
SI is instantiated as an embodied agent that controls a vir-
tual Franka Panda robot to execute user instructions con-
taining rich spatial language such as “left”, “on top of”,
“rear”, and ‘“horizontal”. Importantly, no finetuning of
SenseNova-SI is performed for this evaluation. Quantita-
tive results for the spatial subset are shown in Tab. 10.

We report success rates under two prompting settings:
the official prompt (OP) and a spatial-intelligence-oriented
prompt (SIP). OP supplies bounding-box coordinates ex-
tracted from the input image, whereas SIP enriches OP with
additional object-grounding cues to reduce ambiguity from
object recognition and better isolate spatial-reasoning per-
formance.

Across both OP and SIP, SenseNova-SI delivers substan-
tial improvements, demonstrating that enhanced spatial in-
telligence directly benefits embodied manipulation. We ob-
serve that SenseNova-SI more reliably identifies key spatial



Models

MMB-EN [35] MMStar [10] AI2D [24] OCRB [36] DocVQA [41] MMVP [50] V* [61] MMMU [72] Vid-MME [19]

Open-source General Models

Bagel-7B-MoT [15] 82.8 67.3 89.5
Qwen3-VL-8B [3] 84.6 68.5 81.3
InternVL3-2B [74] 79.7 56.9 77.8
InternVL3-8B [74] 81.7 68.2 85.2

Open-source SI Models

VST-7B-SFT [66] 83.37 63.11 84.91
Cambrian-S-7B [68] 80.41 43.9 76.91
Ours

SenseNova-SI gagel-78-MoT 83.4 67.8 88.8
SenseNova-SI Qwen3-VL-8B 83.5 65.7 84.2
SenseNova-SI InternVL3-2B 78.9 57.0 76.8
SenseNova-SI InternVL3-8B 84.9 65.4 79.0

811 94.1 68.7 71.7 50.4 68.9
906 95.8 58.7 82.7 60.9 78.1
853 87.3 56.7 68.6 432 69.9
880 92.1 59.3 57.1 55.6 76.1
855t 91.7 54.7 81.2 50.9 72.1
648" 83.7 54.0 70.7 47.1 70.6
797 93.9 65.3 69.6 50.2 64.6
863 95.4 57.3 81.1 57.6 76.4
817 85.2 47.3 81.2 44.4 66.6
815 84.9 56.0 71.2 494 722

Table 8. Evaluation on general undestanding benchmarks. t denotes benchmark results directly cited from their papers. Dark purple
highlights the best result and light purple indicates the second-best result within Open-source and SenseNova-SI models, respectively.

MMB-EN: MMBench-En. OCRB: OCRBench.

Table 9. Training with text-only SSI-800K (10% of SSI-8M).

Model VSI-Debiased VSI-Bench MMSI-Bench MindCube-Tiny ViewSpatial SITE
InternVL3-8B 385 42.1 28.0 415 38.6 41.1
+SSI-800K 53.8 60.9 36.4 56.9 52.5 41.7
+SSI-800K (Text-Only) 424 50.2 28.2 442 44.1 4.5

Q’) Stack the left triangulaf prism on top of the right cylinder.

Q’) Put the left star into the shape sorter.
Figure 5. Visualization of the manipulation task rollout in Em-
bodiedBench [65], performed by the embodied agent powered by
SenseNova-SI.

GPT-40 InternVL3-8B SenseNova-SI 1neernvL3-sB
OP SIP OP SIP (0)3 SIP
375 458 104 20.8  16.6 (+59.6%) 33.3 (+60.0%)

Table 10. Success rate on Spatial subset of EmbodiedBench [65].
OP: Official Prompt; SIP: Spatial-Intelligence-oriented Prompt.

cues, enabling more accurate reasoning and more consistent
action planning.

Representative rollouts are visualized in Fig. 5. These
examples illustrate that SenseNova-SI effectively integrates
spatial information from both language instructions and vi-
sual observations, plans coherent motion trajectories, and
generates action sequences that allow the robot to success-
fully complete the tasks.

H.2. Task Prompt for the Embodied Agent.

Following EmbodiedBench  [65], we implement
SenseNova-SI as an embodied agent in the downstream
manipulation task to demonstrate its application. In this
setting, the SenseNova-SI model controls a simulated
Franka Panda robot with a parallel gripper. Conditioned on
a language instruction and the visual state of the scene, the
agent receives a symbolic description of the environment,
where each object is represented by a discrete 3D position
in a table-top coordinate frame. The model is required to
output a sequence of low-level gripper actions in a struc-
tured action space, where each action specifies the target
end-effector position, orientation, and a binary gripper
state, all expressed in the same discretized coordinate
system. This formulation enables direct execution of
the predicted actions in the simulator without additional
post-processing. This demonstrates the model’s ability to
ground language and perception into coherent, executable
manipulation trajectories that require spatial reasoning.

The official task prompt (OP) includes the role descrip-
tion, the definitions of the input space and output action
space, the color space, example task conversations, and the
instructions for the output JSON format. This design en-
ables the SenseNova-SI model to perform reasoning and ac-
tion planning while generating executable actions in the re-
quired format. For the spatial-intelligence-oriented prompt
(SIP), instead of providing object bounding box coordinates
with generic indices such as “object 1”” and “object 2” as in
OP, we provide the specific name of the objects, such as
“first cylinder” or “second container”. This removes inter-
ference from object recognition and allows the model to fo-
cus on spatial reasoning. The official task prompt (OP) is
shown below.



H.3. Case Study.

Fig. 6 illustrates how the SenseNova-SI [yemyr3.gg model
behaves as an embodied agent in the manipulation task un-
der the official task prompt. For each task instance, we show
the task instruction, the scene observation provided to the
model, the model output, and the resulting execution rollout
in the simulator. Cases Fig. 6(a) and Fig. 6(b) demonstrate
successful executions, where the model produces correct
object recognition and accurate action sequences that lead
to successful task completion. In contrast, cases Fig. 6(c)
and Fig. 6(d) illustrate typical failure modes, including in-
correct object recognition in the visual state description that
leads to erroneous reasoning and execution planning, as
well as limited manipulation precision that causes task fail-
ure even when the executable action plan is correct. Incor-
rect information in the output is highlighted in red. Please
refer to the video demonstration in the Supplementary Ma-
terial for the full rollout, more task instances and perfor-
mance comparison with the base InternVL3-8B model.



The official task prompt (OP) for the embodied agent:

You are a Franka Panda robot with a parallel gripper. You can perform various tasks and output a
sequence of gripper actions to accomplish a given task with images of your status. The input space,
output action space and color space are defined as follows.

Input space

— Each input object is represented as a 3D discrete position in the following format: [X, Y, Z].

— There is a red XYZ coordinate frame located in the top-left corner of the table. The X-Y plane is
the table surface.

- The allowed range of X, Y, Z is [0, 100].

— Objects are ordered by Y in ascending order.

Output action space

- Each output action is represented as a 7D discrete gripper action in the following format: X, Y, Z,
Roll, Pitch, Yaw, Gripper state].
- X, Y, Z are the 3D discrete position of the gripper in the environment. They follow the same

coordinate system as the input object coordinates.

— The allowed range of X, Y, Z is [0, 100].

- Roll, Pitch, Yaw are the 3D discrete orientation of the gripper in the environment, represented as
discrete Euler angles.

— The allowed range of Roll, Pitch, Yaw is [0, 120] and each unit represents 3 degrees.

- Gripper state is 0 for close and 1 for open.

Color space

— Each object can be described using one of the colors below: ["red", "maroon", "lime", "green",
"blue", "navy", "yellow", "cyan", "magenta", "silver", "gray", "olive", "purple", "teal", "azure",
"violet", "rose", "black", "white"].

Below are some examples to guide you in completing the task.

Example 0: Human Instruction: Pick up the star and place it into the yellow container.

Input: {"object 1" [45, 13, 18], "object 2": [72, 20, 18], "object 3": [50, 42, 17], "object 4":
[36, 42, 18], "object 5": [70, 43, 17], "object 6": [50, 77, 171}

Output: { "visual_state._description": "From left to right, I can see a purple cylinder at [45, 13,
18], a blue moon at [72, 20, 18], a green star at [50, 42, 17], a purple cube at [36, 42, 18], a yellow
container at [70, 43, 17] and a purple container at [50, 77, 17].", "reasoning.and.reflection": "The
task is to pick up the star located at [50, 42, 17] and place it into the yellow container located at
[70, 43, 17]. The plan involves moving the gripper to the star’s position, closing the gripper to pick
it up, moving to the yellow container’s position, and opening the gripper to release the object into
the container.", "executable.plan": "[[50, 42, 17, 6, 61, 36, 1], [50, 42, 17, 6, 61, 36, 01, [47, 41,
26, 6, 61, 36, 01, [69, 39, 24, 88, 32, 77, 01, [69, 39, 24, 87, 32, 77, 111" }

Example 1: Human Instruction: Pick up the star and place it into the rose container.

Input: {"object 1" [78, 20, 17], "object 2": [28, 30, 17], "object 3": [39, 47, 17], "object 4":
[50, 72, 171, "object 5": [39, 75, 181}

Output: { "visual_state.description": "From left to right, I can see a rose container at [78, 20,

171, a black star at [28, 30, 17], a green container at [39, 47, 17], a green triangular prism at [50,
72, 17] and a grey cylinder at [39, 75, 18].", "reasoning.and.reflection": "The task is to pick up

the star located at [28, 30, 17] and place it into the rose container located at [78, 20, 17]. The

plan involves moving the gripper to the star’s position, closing the gripper to pick it up, moving
to the rose container’s position, and opening the gripper to release the object into the container.",
"executable_plan": "[[28, 32, 26, O, 60, 94, 11, (27, 32, 18, O, 60, 94, 01, (27, 32, 28, 0, 60, 94,
01, [76, 19, 28, 6, 66, 109, 111" }

Now you are supposed to follow the above examples to generate a sequence of discrete gripper actions
that completes the human instruction below.

Human Instruction: <Task instruction>

Input: <Dict of object positions>

The output JSON format should be {"visual_state._description": str, "reasoning.and.reflection": str,
"language-plan": str, "executableplan": str}.




The fields in the above JSON follow the purposes below:

1. visual_state._description: Describe the color and shape of each object in the detection box in the
numerical order in the image. Then provide the 3D coordinates of the objects chosen from the input.
2. reasoning.and.reflection: Reason about the overall plan that needs to be taken on the target
objects, and reflect on the previous actions taken if available.

3. language.plan: A list of natural language actions to achieve the user instruction. Each language
action is started by the step number and the language action name.

4. executableplan: A list of discrete actions needed to achieve the user instruction, with each

discrete action being a 7-dimensional discrete action.

5. Keep your plan efficient and concise.

When generating content for JSON strings, avoid using any contractions or abbreviated forms (like ’s,
're, 've, '11], 'd, n’t) that use apostrophes. Instead, write out full forms (is, are, have, will,
would, not) to prevent parsing errors in JSON.

Please do not output anything other than the above-mentioned JSON.




[ s o 2 v
{‘object 1": [40, 37, 19], ‘object 2": [60, 44, 15],
‘object 3': [54, 74, 15]}

Visual State Description

From left to right, | can see a yellow sponge at
[40, 37, 19], a yellow triangle area at [60, 44,
15] and a blue triangle area at [54, 74, 15].

@ Reasoning and Reflection

I need to identify which area is horizontal first. |
can see that the yellow triangle area at [60, 44,
15] is horizontal since it is parallel to the green
arrow representing the y-axis of the coordinate
system annotated in the image. Then, the task
is to pick up the sponge at [40, 37, 19] and use
it to wipe the horizontal area at [60, 44, 15]. The
plan involves moving the gripper to the
sponge's position, closing the gripper to pick it
up, moving to the right side of the horizontal
area, and moving the sponge along the main
direction of the horizontal area to wipe it.

Language Plan

Wipe the horizontal area with the sponge.

1. Move to the sponge.

2. Close the gripper.

3. Move to the right side of the horizontal area.

4. Move the sponge along the horizontal area
to wipe.

Executable Plan
[[40, 35, 25, 0, 60, 20, 1], [40, 35, 17, 0, 60, 20,

0], [40, 35, 27, 0, 60, 20, 0], [60, 53, 18, 0, 60,
84,0],[57, 29, 18, 0, 60, 84, 0]]

(@

@ Stack the right cylinder on top of the right
moon.

{‘object 1": [69, 18, 20], ‘object 2’: [43, 35, 19],
‘object 3": [44, 59, 20], ‘object 4’: [53, 78, 19]}

Visual State Description

From left to right, | can see a purple cylinder at
(69, 18, 20], a red cylinder at [43, 35, 19], a
green cylinder at [44, 59, 20] and a maroon
cylinder at [53, 78, 19].

Reasoning and Reflection
The instruction is to stack the right cylinder on

top of the right moon. The right cylinder is the
maroon cylinder at [53, 78, 19], and the right
moon is the red cylinder at [43, 35, 19]. The
plan is to move the gripper to the maroon
cylinder's position, close the gripper to pick it
up, move to the top of the red cylinder, and
open the gripper to release the maroon
cylinder onto the red cylinder.

Language Plan

1. Move to the maroon cylinder and pick it up.

2. Move to the red cylinder and place the
maroon cylinder on top.

@ Executable Plan
[[53, 78, 30, 0, 60, 102, 1], [53, 78, 22, 0, 60,

102, 0], [58, 78, 32, 0, 60, 102, 0], [43, 35, 30, 0,
60, 102, 0], [43, 35, 22, 0, 60, 102, 1]]

©

®

®

Stack the left triangular prism on top of the
right cylinder.

{‘object 1" [33, 37, 19], ‘object 2': [33, 58, 19],
‘object 3: [38, 74, 20], ‘object 4'; [50, 87, 20]}

Visual State Description

From left to right, | can see a purple triangular
prism at [33, 37, 19], a pink triangular prism at
[33, 58, 19], a purple cylinder at [38, 74, 20]
and a yellow cylinder at [50, 87, 20].

Reasoning and Reflection

The instruction is to stack the left triangular
prism on top of the right cylinder. The left
triangular prism is at [33, 37, 19] and the right
cylinder is at [50, 87, 20]. The plan is to move
the gripper to the left triangular prism, close it
to pick it up, move to the top of the right
cylinder, and open it to release the left
triangular prism onto the right cylinder.

Language Plan

1. Move to the left triangular prism and pick it
up.

2. Move to the right cylinder and place the left
triangular prism on top.

Executable Plan
[[33, 37, 28, 0, 60, 100, 1], [33, 37, 20, 0, 60,

100, 0}, [33, 37, 30, 0, 60, 100, 0], [50, 87, 30, O,
60, 100, 0], [50, 87, 27, 0, 60, 100, 1]]

(b)

Put the left star into the shape sorter.

[t Lk
{object 1": [35, 18, 17], ‘object 2: [50, 73, 37],
‘object 3: [30, 84, 18]}

Visual State Description

From left to right, | can see a purple star at [35,
18, 17], ared star at [50, 73, 37] and a green
star at [30, 84, 18].

Reasoning and Reflection

I need to identify the location of the star hole
on the shape sorter first. | can see that the star
hole is at the center of the shape sorter, which
is at [50, 73, 37]. Then, the task is to pick up the
purple star at[35, 18, 17] and put it into the
star hole on the shape sorter. The plan involves
moving the gripper to the star's position,
closing the gripper to pick it up, moving
upwards, moving to the top of the star hole,
and releasing the star into the hole.

Language Plan
Pick up the star. Move to the star hole. Put the
star into the star hole.

Executable Plan

[[35, 18, 23, 0, 60, 109, 1], [35, 18, 16, 0, 60,
109, 0], [35, 18, 25, 0, 60, 109, 0], [50, 73, 47, 0,
60, 3, 0], [50, 73, 39, 0, 60, 3, 1]]

(d)

Figure 6. Demonstration of manipulation with SenseNova-SI memvissp as an embodied agent. We present the task instruction, scene
observation input, model output, and task execution rollout. Cases (a) and (b) are successful executions, while cases (c) and (d) are failure
cases. Incorrect information in the output is highlighted in red. Please see the video in the Supplementary Material for the full rollout.



I. Detail Results on Key Benchmarks

In this section, we provide detailed per-benchmark re-
sults that complement the aggregated scores reported in
the main text. The following tables report per-benchmark
results for VSI-Bench (Tab. 11), MMSI-Bench (Tab. 12),
MindCubeBench-Tiny (Tab. 13), ViewSpatial (Tab. 14),
SITE (Tab. 15), BLINK (Tab. 16), 3DSR (Tab. 17), and Em-
bspatial (Tab. 18), respectively. For each benchmark, we
break down performance over all relevant subsets and ques-
tion types, enabling a more fine-grained analysis of model
strengths and failure modes than is possible from the single
aggregated metrics in the main tables. On most subsets, our
model attains the best or near-best accuracy among open-
source models, and on several challenging subsets (e.g.,
Rel.Dir in VSI), its performance is comparable to, or even
surpasses, that of proprietary models.



Numerical Answer Multiple-Choice Answer

Models Avg.

Obj. Count Abs. Dist Obj. Size Room Size Rel. Dis Rel. Dir Route Plan Appr. Order

CR MM MM MM SR,MM PT CR CR

Human 79.2 94.3 47.0 60.4 45.9 94.7 95.8 95.8 100.0
Random Choice(Frequency) 34.0 62.1 32.0 29.9 33.1 25.1 479 28.4 25.2
Proprietary Models
Seed-1.6-2025-06-15 [48] 49.9 43.5 344 66.1 52.8 55.1 35.7 443 68.0
Gemini-2.5-pro-2025-06 [49] 53.6 46.0 37.4 68.7 54.4 62.0 43.9 47.4 68.8
Grok-4-2025-07-09 [62] 47.9 37.2 33.0 60.8 45.4 53.1 39.7 47.4 66.8
GPT-5-2025-08-07 [42] 55.0 53.3 34.5 73.3 47.5 63.7 48.7 50.3 68.9
Open-source General Models
Bagel-7B-MoT [15] 314 30.1 29.2 355 25.8 34.9 41.4 30.4 24.1
Qwen2.5-VL-3B-Instruct [4] 27.0 19.2 21.2 243 27.3 33.8 42.1 273 20.9
Qwen2.5-VL-7B-Instruct [4] 323 329 18.2 43.9 31.7 38.0 374 28.4 28.0
Qwen3-VL-2B-Instruct [3] 50.4 62.2 40.3 71.5 49.8 523 42.0 304 54.5
Qwen3-VL-8B-Instruct [3] 57.9 67.6 47.0 76.3 61.9 58.0 51.0 35.1 66.3
InternVL3-2B [74] 33.0 64.8 30.9 324 23.0 323 34.9 33.0 12.6
InternVL3-8B [74] 42.1 66.1 34.9 43.6 47.5 48.0 39.3 26.3 314
Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 17.2 12.9 22.8 43 23.5 20.3 15.7 16.0 22.5
SpatialLadder-3B [32] 449 62.2 354 62.0 414 45.6 46.5 27.3 38.5
Spatial-MLLM-4B [59] 46.3 66.7 38.1 63.7 355 40.4 48.2 33.0 443
SpaceR-7B [43] 41.6 30.0 25.2 47.0 29.6 40.3 46.5 325 39.3
ViLaSR-7B [60] 44.6 58.1 33.9 61.4 28.9 45.1 46.5 29.9 53.2
VST-3B-SFT [66] 514 60.7 37.5 72.7 45.9 51.3 45.9 40.2 56.8
VST-7B-SFT [66] 55.5 68.9 373 74.5 62.2 55.2 48.7 41.8 55.5
Cambrian-S-3B [68] 56.1 69.4 38.7 66.3 52.7 61.8 58.3 28.4 73.1
Cambrian-S-7B [68] 62.9 68.2 45.8 72.5 67.6 66.8 69.6 39.2 73.8
Ours
SenseNova-SI Bagel-78-MoT 41.5 42.2 335 57.2 22.7 449 46.4 335 51.9
SenseNova-SI gwen3-viL-8B 64.8 714 48.7 76.0 69.6 65.5 72.2 43.8 71.5
SenseNova-SI 1yternvi3-28 63.7 70.1 47.2 74.5 67.1 61.0 73.1 41.2 75.6
SenseNova-SI internvi3-88 68.8 72.0 53.5 76.8 72.8 69.6 80.8 48.5 76.4

Table 11. Evaluation on VSI-Bench [64]. Numerical Answer uses MRA score, MCA uses Acc score, Avg. is the simple average across
these metrics, following the original paper. All results are evaluated on EASI [7].



Positional Relationship Attribute  Motion MSR

C-C 0-0 R-R C-0 O-R C-R Meas. Appr. Cam. Obj. -
PT PT PT PT PT PT MM MR PT PT CR

Models Avg.

Human 97.2 95.7 98.9 97.5 94.2 98.8 96.4 953 98.5 98.6 98.7 97.0
Random Choice 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0
Proprietary Models

Seed-1.6-2025-06-15 [48] 38.3 36.6 36.2 32.1 32.6 42.4 469 484 33.0 31.1 42.1 404
Gemini-2.5-pro-2025-06 [49] 38.0 38.7 34.0 40.7 44.2 38.8 41.0 62.5 30.3 39.2 25.0 333
Grok-4-2025-07-09 [62] 37.8 36.6 35.1 39.5 349 459 50.6 21.9 227 40.5 434 38.4
GPT-5-2025-08-07 [42] 41.8 41.9 33.0 35.8 49.8 424 68.7 54.7 374 28.3 40.8 36.4

Open-source General Models

Bagel-7B-MoT [15] 31.0 34.4 35.1 29.6 32.6 42.4 31.3 344 212 189 27.6 30.3
Qwen2.5-VL-3B-Instruct [4] 28.6 36.6 309 28.4 26.7 28.2 31.3 31.2 16.7 16.2 35.5 28.8
Qwen2.5-VL-7B-Instruct [4] 26.8 28.0 26.6 19.8 32.6 38.8 28.9 234 21.2 20.3 30.3 2438

Qwen3-VL-2B-Instruct [3] 28.9 269 29.8 30.9 38.4 353 33.7 234 288 29.7 289 212
Qwen3-VL-8B-Instruct [3] 31.1 28.0 37.2 32.1 31.4 353 38.5 37.5 152 27.0 289 29.8
InternVL3-2B [74] 26.5 31.2 22.3 28.4 30.2 28.2 289 25.0 22.7 16.2 289 26.8
InternVL3-8B [74] 28.0 22.6 22.3 34.6 31.4 42.4 33.7 25.0 19.7 20.3 342 2438

Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 1.7 0.0 2.1 25 23 24 36 31 00 00 00 20

SpatiallLadder-3B [32] 27.4 36.6 29.8 29.6 32.6 30.6 24.1 18.8 31.8 23.0 23.7 23.2
Spatial- MLLM-4B [59] 26.1 24.7 21.3 28.4 30.2 294 289 18.8 349 10.8 23.7 29.8
SpaceR-7B [43] 27.4 25.8 31.9 29.6 25.6 31.8 22.9 26.6 28.8 162 342 273
ViLaSR-7B [60] 30.2 29.0 35.1 28.4 39.5 40.0 44.6 31.2 16.7 17.6 31.6 23.2
VST-3B-SFT [66] 28.8 32.3 31.9 28.4 27.9 23.5 36.1 32.8 349 27.0 289 22.7
VST-7B-SFT [66] 32.5 39.8 36.2 35.8 37.2 29.4 33.7 29.7 47.0 36.5 35.5 18.2
Cambrian-S-3B [68] 27.0 25.8 28.7 24.7 48.8 24.7 33.7 29.7 22.7 20.3 28.9 18.7
Cambrian-S-7B [68] 27.1 24.7 26.6 24.7 47.7 22.4 31.3 32.8 242 122 30.3 242
Ours

SenseNova-SI Bagel-7B-MoT 345 48.4 34.0 23.5 46.5 34.1 41.0 344 333 324 329 26.8
SenseNova-SI qwen3-vL-sB 38.1 44.1 38.3 33.3 65.1 38.8 59.0 48.4 242 29.7 342 222
SenseNova-SI mternviL3-2B 34.2 39.8 45.7 33.3 46.5 30.6 39.8 31.2 30.3 29.7 329 24.8
SenseNova-SI ternvi3-8B 43.3 50.5 47.9 42.0 62.8 44.7 69.9 40.6 40.9 324 329 27.8

Table 12. Evaluation on MMSI-Bench [67]. Scores are Acc as in the original paper. Under Positional Relationship, C: Camera; O:
Object; R: Region. All results are evaluated on EASI [7].



Rotation Among Around

Models Avg

PT PT PT
Human 94.5 - - -
Random Choice 33.0 333 31.8 35.7
Proprietary Models
Seed-1.6-2025-06-15 [48] 48.8 89.0 364 456
Gemini-2.5-pro-2025-06 [49] 57.6 88.0 449 632
Grok-4-2025-07-09 [62] 63.6 93.0 544 61.6
GPT-5-2025-08-07 [42] 563 945 382 684
Open-source General Models
Bagel-7B-MoT [15] 347 345 314 428
Qwen2.5-VL-3B-Instruct [4] 37.6 335 35.9 448
Qwen2.5-VL-7B-Instruct [4] 36.0 37.0 324 440
Qwen3-VL-2B-Instruct [3] 345 325 31.7 428
Qwen3-VL-8B-Instruct [3] 294 295 28.6 31.2
InternVL3-2B [74] 37.5 29.0 37.0 456
InternVL3-8B [74] 415 36.5 38.1 53.6
Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 51.7 340 51.0 676
SpatialLadder-3B [32] 435 35.0 432  50.8
Spatial-MLLM-4B [59] 335 39.0 30.5 36.0
SpaceR-7B [43] 38.0 35.0 342 492
ViLaSR-7B [60] 351 355 31.0 444
VST-3B-SFT [66] 36.0 32.0 349 416
VST-7B-SFT [66] 39.7 37.0 359 50.8
Cambrian-S-3B [68] 384 28.0 40.0 428
Cambrian-S-7B [68] 379 33.0 39.0 39.2
Ours
SenseNova-SI Bagel-7B-MoT 46.8 33.0 50.7 48.8
SenseNova-SI Qwen3-VL-8B 73.8 79.5 73.2 70.4
SenseNova-SI nternvL3-2B 41.8 305 46.4 40.0
SenseNova-SI nternvL3-8B 85.7 82.0 84.9 90.4

Table 13. Evaluation on MindCube-Tiny [70]. All scores are Acc.



Camera-based Tasks Person-based Tasks

Models Overall

Rel. Dir. Obj. Ori. Obj. Ori. Rel. Dir. Sec. Sim.

PT PT PT PT PT

Random Choice 26.3 25.2 26.1 24.6 31.1 26.3
Proprietary Models
Seed-1.6-2025-06-15 [48] 43.9 55.8 26.9 54.8 48.5 26.6
Gemini-2.5-pro-2025-06 [49] 46.1 59.1 33.0 51.0 45.8 32.6
Grok-4-2025-07-09 [62] 432 57.1 23.9 47.6 51.7 24.9
GPT-5-2025-08-07 [42] 45.6 60.2 27.9 41.0 48.5 40.1
Open-source General Models
Bagel-7B-MoT [15] 41.3 48.3 38.6 47.0 42.5 26.5
Qwen2.5-VL-3B-Instruct [4] 32.0 40.8 28.7 30.1 29.2 24.4
Qwen2.5-VL-7B-Instruct [4] 36.9 46.8 31.2 40.0 324 26.6
Qwen3-VL-2B-Instruct [3] 37.0 49.6 23.8 353 32.7 333
Qwen3-VL-8B-Instruct [3] 42.2 54.2 29.7 47.3 40.3 31.1
InternVL3-2B [74] 32.6 42.0 17.6 38.9 34.6 23.7
InternVL3-8B [74] 38.7 50.3 27.5 42.6 37.5 27.3
Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 24.1 30.9 22.1 23.7 224 16.9
SpatialLadder-3B [32] 39.9 46.2 25.7 56.2 31.9 33.6
Spatial- MLLM-4B [59] 34.7 35.0 234 40.4 40.4 34.6
SpaceR-7B [43] 35.9 43.2 28.9 37.5 34.1 30.2
ViLaSR-7B [60] 35.7 46.8 253 39.1 32.7 26.6
VST-3B-SFT [66] 52.9 46.9 354 70.3 52.6 62.8
VST-7B-SFT [66] 50.5 52.7 29.6 51.9 50.7 64.5
Cambrian-S-3B [68] 41.0 47.0 21.0 50.1 39.8 42.0
Cambrian-S-7B [68] 41.3 504 22.7 45.0 38.8 41.9
Ours
SenseNova-SI Bagel-7B-MoT 46.9 54.7 335 45.9 439 49.5
SenseNova-SI qwen3-vL-sB 51.2 60.3 22.0 67.8 41.5 55.6
SenseNova-SI 1n¢ernvi3-2B 52.7 65.7 19.5 70.2 394 55.9
SenseNova-SI mternvi3-sB 54.7 66.3 43.2 38.4 43.1 70.0

Table 14. Evaluation on ViewSpatial-Bench [31]. All scores are Acc.



Models Overall Count Loc 3D I‘Ilf MultiV Rel Mov
- MMSR PT SR CR
Human 67.5 66.0 833 547 87.5 73.0 52.5
Random Choice 0.0 00 00 00 00 0.0 00
Proprietary Models
Seed-1.6-2025-06-15 [48] 54.6 62.0 66.5 604 37.1 70.6 32.4
Gemini-2.5-pro-2025-06 [49] 57.1 613 69.2 552 385 71.548.6
Grok-4-2025-07-09 [62] 47.0 504 603 51.6 262 612374
GPT-5-2025-08-07 [42] 619 63.1 57.0 73.1 499 72.2 60.7
Open-source General Models
Bagel-7B-MoT [15] 370 50.0 64.2 223 43 6321038
Qwen2.5-VL-3B-Instruct [4] 33.1 484 436 161 85 563124
Qwen2.5-VL-7B-Instruct [4] 376 543 456 19.1 12.0 638 157
Qwen3-VL-2B-Instruct [3] 35,7 43.6 458 26.1 144 57.0 189
Qwen3-VL-8B-Instruct [3] 458 558 609 285 225 67.8 30.0
InternVL3-2B [74] 30.0 465 404 138 57 509 938
InternVL3-8B [74] 41.1 579 524 303 99 619 26.1

Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 6.3  20.8 106 -69 -68 159 -89

SpatialLadder-3B [32] 28.0 450 320 174 29 473113
Spatial-MLLM-4B [59] 18.0 303 242 7.0 7.3 20.0 109
SpaceR-7B [43] 343 496 39.0 164 9.1 60.216.0
ViLaSR-7B [60] 387 549 432 194 124 644230
VST-3B-SFT [66] 359 474 357 277 162 578 18.6
VST-7B-SFT [66] 39.7 547 37.1 33.1 14.0 639 232
Cambrian-S-3B [68] 31.0 47.1 462 164 1.4 44.0 24.6
Cambrian-S-7B [68] 36.1 500 503 24.1 8.7 51.226.6
Ours

SenseNova-SI Bagel-78-MoT 420 474 629 30.6 278 592174
SenseNova-SI Qwen3-vi.-88 49.6 53.1 56.1 39.1 40.3 64.9 24.8
SenseNova-SI ternvL3-2B 36.8  51.0 458 23.1 16.1 489 26.8
SenseNova-SI 1mernvL3-8B 477 562 492 40.6 35.1 57.6 40.5

Table 15. Evaluation on SITE [57]. All scores are CAA. We follow the SITE paper’s original evaluation protocol, where MCQ are
answered by direct QA.



Models Ave. Art Count Forens. FuncCr IQ Jigsaw MV-R ObjLoc Depth Refl. SemCr SpatR VisCr VisSm
- - - - CR - PT - SR - - SR PT -
Random Choice 37.750.0 25.0 250 250 250 50.0 50.0 50.0 50.0 333 250 50.0 250 50.0
Proprietary Models
Seed-1.6-2025-06-15 [48] 659803 742 629 531 287 593 556 648 855 321 64.8 86.7 90.7 84.4
Gemini-2.5-pro-2025-06 [49] 73.586.0 780 90.0 620 44.0 85.0 51.0 76.0 86.0 340 68.0 90.0 91.0 86.0
Grok-4-2025-07-09 [62] 564820 658 788 4777 80 600 42.1 541 685 403 381 832 477 852
GPT-5-2025-08-07 [42] 68.0855 692 79.5 600 32.7 70.0 40.6 61.5 815 328 662 88.8 942 874
Gemini-3-Pro-Preview [21] 76.086.3 77.5 985 669 420 773 579 852 90.3 32.1 727 93.0 959 889
Open-source General Models
Bagel-7B-MoT [15] 63.678.6 750 379 400 32.0 853 459 72.1 895 313 460 825 820 92.6
Qwen?2.5-VL-3B-Instruct [4] 487573 683 326 223 200 460 436 557 742 38.8 36.7 825 454 652
Qwen?2.5-VL-7B-Instruct [4] 559718 71.7 477 239 267 560 556 525 79.0 38.1 367 88.8 523 882
Qwen3-VL-2B-Instruct [3] 532658 625 34.1 331 1.3 540 556 59.8 710 306 59.0 81.1 634 778
Qwen3-VL-8B-Instruct [3] 66.777.8 67.5 879 539 120 673 541 69.7 887 321 597 874 89.5 882
InternVL3-2B [74] 50.856.4 733 189 269 24.0 753 594 623 710 343 237 79.0 343 80.0
InternVL3-8B [74] 535675 71.7 349 285 233 78.0 444 533 693 343 281 86.7 442 89.6
Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 35.153.0 36.7 265 69 260 473 556 566 41.1 313 00 671 35 511
SpatialLadder-3B [32] 43.0539 533 227 239 267 493 444 500 58.1 31.3 324 755 29.1 578
Spatial-MLLM-4B [59] 40.547.0 40.8 22.0 20.8 233 540 436 549 63.7 29.1 345 545 355 467
SpaceR-7B [43] 49.676.1 65.0 326 200 40 600 436 525 66.1 31.3 352 804 512 837
ViLaSR-7B [60] 514684 700 553 261 18.0 633 48.1 402 742 127 194 86.7 552 859
VST-3B-SFT [66] 58.865.8 69.2 53.0 231 333 68.0 51.1 541 863 358 309 741 895 844
VST-7B-SFT [66] 619675 70.8 553 269 233 80.0 632 541 919 343 33.1 81.1 942 859
Cambrian-S-3B [68] 377325 633 152 200 273 50.0 6.8 50.8 540 31.3 31.6 664 343 46.7
Cambrian-S-7B [68] 379427 633 0.0 20.8 24.0 373 444 516 693 284 288 776 285 215
Ours
SenseNova-SI agel.7B-MoT 65.481.2 71.7 333 492 287 773 444 77.0 87.1 33.6 669 762 948 91.8
SenseNova-SI gwen3-vL-88 619744 617 69.7 508 133 64.0 323 656 88.7 30.6 525 79.7 936 832
SenseNova-SI nernvL3-28 524615 658 129 354 213 633 60 582 80.7 351 360 74.1 93.0 83.7
SenseNova-SI pnernvL3-sB 639684 767 326 339 213 80.0 90.2 549 935 328 460 86.0 959 77.8

Table 16. Evaluation on BLINK [20]. All scores are Acc.



Height Location Multi-Object Orientation

Models Overall

Higher Above Closer Next To Closer Facing Parall. Same D. ViewPt Front Left ViewPt

SR SR SR SR PTSR PTSR PTSR PLSR PISR PT PT  PT

Random Choice 458 500 500 50.0 500 500 500 50.0 500 250 50.050.0 250
Proprietary Models
Seed-1.6-2025-06-15 [48] 569 677 643 749 678 67.1 645 56.6 488 17.5 619 32.7 23.6
Gemini-2.5-pro-2025-06 [49] 593 68.1 663 788 811 669 633 569 454 152 672 312 373
Grok-4-2025-07-09 [62] 549 635 686 715 661 526 61.6 463 465 219 62.8 364 23.0
GPT-5-2025-08-07 [42] 60.3 66.1 678 827 729 649 639 546 451 222 744 40.1 3338
Gemini-3-Pro-Preview [21] 689 69.0 731 801 729 749 734 661 634 353 823 72.8 484
Open-source General Models
Bagel-7B-MoT [15] 502 470 640 755 496 56.6 581 49.0 49.1 50 581 292 265
Qwen2.5-VL-3B-Instruct [4] 435 458 545 69.6 472 440 445 236 398 146 439 344 204
Qwen2.5-VL-7B-Instruct [4] 475 449 509 743 560 483 512 378 477 9.9 56.1 344 31.8
Qwen3-VL-2B-Instruct [3] 475 500 57.8 749 578 56.6 500 487 454 44 47.1 26.1 11.1
Qwen3-VL-8B-Instruct [3] 539 478 626 87.6 578 62.0 656 460 47.1 13.1 56.7 304 35.0
InternVL3-2B [74] 477 500 542 61.8 558 534 454 504 526 125 532 341 262
InternVL3-8B [74] 442 494 582 76.1 593 463 376 174 340 13.7 43.6 21.8 233

Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 2.8 00 123 0.0 53 6.9 4.3 0.0 0.0 0.0 0.0 00 0.0

SpatiallLadder-3B [32] 42,8 451 399 653 475 469 59.0 45.1 48.8 8.8 39.8 344 11.1
Spatial-MLLM-4B [59] 362 425 413 457 460 40.6 610 369 47.7 52 413 37 1.8
SpaceR-7B [43] 405 364 472 63.1 445 429 523 242 480 38 544 272 163
ViLaSR-7B [60] 46.6 383 658 664 504 454 595 478 454 3,5 523 335 20.1
VST-3B-SFT [66] 487 477 554 863 463 620 57.8 392 39.2 16,6 41.0 32.1 184
VST-7B-SFT [66] 53.1 558 533 845 555 729 642 437 45.6 17.2 53.8 327 242
Cambrian-S-3B [68] 414 335 462 528 616 534 558 440 50.0 10.5 39.0 26.6 152
Cambrian-S-7B [68] 450 433 46.1 583 649 614 483 354 488 19.5 503 252 26.8
Ours

SenseNova-SI gagel-7-MoT 424 335 474 677 478 434 535 434 465 29 477 289 236
SenseNova-SI Qwen3-vi-88 532 522 559 850 584 666 619 41.0 49.1 20.7 49.7 34.1 309
SenseNova-SI mernviL3-2B 50.5 500 516 668 649 669 662 49.0 50.0 21.3 459 289 27.7
SenseNova-SI ternvi3-sB 55,5 49.1 515 838 593 757 592 469 53.2 169 60.2 60.5 32.6

Table 17. Evaluation on 3DSRBench [39]. All scores are Acc (circ_eval setting).



Models Overal MP3D AI2-THOR ScanNet

SR SR SR

Random Choice 25.0 250 25.0 25.0
Proprietary Models

Seed-1.6-2025-06-15 [48] 754 743 75.1 76.7
Gemini-2.5-pro-2025-06 [49] 788 77.8 78.0 80.8
Grok-4-2025-07-09 [62] 755 753 75.4 75.8
GPT-5-2025-08-07 [42] 81.6 813 80.5 83.0
Gemini-3-Pro-Preview [21] 84.3 833 84.5 85.0
Open-source General Models

Bagel-7B-MoT [15] 73.1 722 71.4 75.8
Qwen2.5-VL-3B-Instruct [4] 62.3 632 56.7 67.1
Qwen2.5-VL-7B-Instruct [4] 71.8 74.6 70.5 704
Qwen3-VL-2B-Instruct [3] 70.1 722 67.5 70.8
Qwen3-VL-8B-Instruct [3] 777  79.6 75.1 78.6
InternVL3-2B [74] 60.1 60.8 55.8 63.9
InternVL3-8B [74] 763 76.3 74.2 78.5

Open-source Spatial Intelligence Models
MindCube-3B-RawQA-SFT [70] 37.0 36.7 33.0 413

SpatiallLadder-3B [32] 58.2  60.0 54.1 60.8
Spatial-MLLM-4B [59] 50.0 515 46.9 51.5
SpaceR-7B [43] 669 67.8 66.7 66.3
ViLaSR-7B [60] 67.3 69.5 67.9 64.5
VST-3B-SFT [66] 69.0 71.7 63.3 72.2
VST-7B-SFT [66] 73.7 762 71.1 74.0
Cambrian-S-3B [68] 63.5 63.5 60.2 67.0
Cambrian-S-7B [68] 728 713 72.9 74.3
Ours

SenseNova-SI Bagel-7B-MoT 69.0 682 63.8 75.1
SenseNova-SI Qwen3-VL-8B 72.5 75.8 66.4 75.4
SenseNova-SI 1neernvL3-2B 62.8 64.2 56.7 67.6
SenseNova-SI 1mternvi3-8B 720 71.0 70.5 75.1

Table 18. Evaluation on EmbSpatialBench [16]. All scores are Acc.



J. Case Study on Text-based CoT

As discussed in Sec. 5.6, we observe that textual CoT
does not appear to yield genuinely stronger 3D reasoning
capabilities. With supporting case studies in Fig. 7 and
Fig. 8, we tentatively consider several hypotheses rather
than definitive explanations, and we leave a more thorough
investigation to future work. Note that green indicates cor-
rect reasoning steps, while red indicates wrong reasoning
steps.

Train-test mismatch and error accumulation. Textual
CoT enforces a long, linear per-token reasoning process.
During training, tokens are learned with ground-truth con-
text, whereas at inference time the model conditions on its
own generated tokens. Early local errors in the reasoning
(as in Fig. 8) may therefore accumulate along the sequence
and become increasingly difficult to correct; tasks that re-
quire a globally coherent 3D structure may be particularly
sensitive to this discrepancy.

Bias toward human-preferred explanation paths. Com-
pared to direct QA supervision, textual CoT shifts the op-
timization focus from task accuracy towards reproducing
specific intermediate verbal rationalizations, which may not
align with the geometry-dominant nature of multi-view 3D
reasoning. Supervision along a single, human-preferred ex-
planatory path may effectively shrink the model’s reasoning
space.



Figure 7. Successful case of trained CoT-SenseNova-SI-CGMap output on VSI-Bench [64] Rel. Dir subset. The model maintains consistent
and accurate reasoning through images and concludes to a correct final answer.

Question:
If I am standing by the refrigerator and facing the backpack, is the microwave to my front-left,
front-right, back-left, or back-right?

The directions refer to the quadrants of a Cartesian plane (if I am standing at the origin and facing
along the positive y-axis).

Options: A. back-left, B. back-right, C. front-left, D. front-right

GT: A

Prediction (CoT-SenseNova—-SI-CGMap) :

<think>

I will reason through this question step by step.

For one object in one image coordination system, its location is described as "category.id at bbox [x1,
vl, x2, y2], at direction, distance from camera and x, y".

x-aixs is the right side of the camera view perspective. y-axis is the forwad perspective.

The unit of distance is meters, and the unit of angle is degrees.

For describing camera motion, the movement from image ‘a‘ to image ‘b‘' is defined relative to the
coordinate system of image ‘a

\

\

Step 1: *xClarify the queried objects in the related imagexx*

From the question, I can infer that the queried objects are the refrigerator, the backpack and the
microwave.

After looking over the provided images, I can get that the refrigerator_6 shows in image 21, specif
ically at bbox [0.09, 0.0, 0.67, 0.98], at 5 degrees(CCW), dist 1.5, x -0.1, y 1.4; the backpack-19
shows in image 27, specifically at bbox [0.54, 0.17, 0.76, 0.45], at 10 degrees(CW), dist 2.6, x
0.4, yv 2.3; the microwave_28 shows in image 7, specifically at bbox [0.03, 0.72, 0.37, 1.0], at 15
degrees (CCW), dist 1.6, x -0.4, y 1.5.

Consequently, to solve this question, image [7, 21, 27] need to be paid more attentions to. In this
step, I have also assigned an id to each queried object.

I will keep this custom to distinguish objects that belong to the same category but are not the same
instance.

Step 2: xxEstablish connections among the relevant imagesx*x*

To analyze the relationships among the images identified in Step 1, I will select some images to
connect them.

Two images are connected only if they share corresponding objects.

After looking over all these images, I derive the following chain that illustrates how the queried
images are connected:

From image 1 to image 5 via image 2; image 3; image 4, the corresponding object is: stove_.3. Based on
the object appearance change, I can infer that in this phase, the camera translates right and front,
rotates to left and looks down.

From image 5 to image 7 via image 6, the corresponding objects are: microwave.28, box_.26. Based on the
object appearance change, I can infer that in this phase, the camera does not move significantly, ro
tates to left slightly and looks up.




From image 7 to image 13 via image 8; image 11, the corresponding object is: sink_-0. Based on the
object appearance change, I can infer that in this phase, the camera translates right and back, rotates
to left and looks down.

From image 13 to image 21 via image 15; image 17, the corresponding object is: (dish rack).5. Based
on the object appearance change, I can infer that in this phase, the camera translates right and front,
rotates to left and looks down.

From image 21 to image 27 via image 25, the corresponding object is: refrigerator_6. Based on the
object appearance change, I can infer that in this phase, the camera translates left, rotates to left
and looks down.

Based on these analyse, I can infer that image 7 and image 21 can be related by image order [7, 8, 11,
13, 15, 17, 21]. Then image 27 can be further connected by image order [21, 25, 27].

Step 3: xxConstruct Scene Layoutxx

The overall scene layout is constructed in the coordinate system of image 7 as follows.

How the main images are connected has been described in Step 1. The I will analyse the layout in
detail.

*%x From image7 to imagel3 xx*

Image 7 contains objects: microwave_28 at bbox [0.03, 0.72, 0.37, 1.0], at 15 degrees(CCwW), dist 1.6,
x -0.4, y 1.5; sink.0 at bbox [0.43, 0.52, 0.56, 0.59], at 0 degrees(CW), dist 1.9, x 0.1, y 1.8; (dish
rack)-5 at bbox [0.03, 0.26, 0.33, 0.47], at 15 degrees(CCW), dist 1.7, x -0.5, y 1.6.

Image 13 contains objects: sink.0 at bbox [0.41, 0.48, 0.64, 0.6], at 0 degrees(CwW), dist 2.0, x 0.1,
y 1.9.

The correspond objects between image 7 and image 13 is sink.0.

According to the objects motion changes, from image7 to imagel3, the camera motion is: translation (x
0.2, y -0.1), rotation (left 25 degrees, down 10 degrees).

*x From imagel3 to image2l =*x

Image 13 contains objects: (dish rack).5 at bbox [0.03, 0.26, 0.33, 0.47], at 15 degrees(CCW), dist
1.7, x -0.5, y 1.6.
Image 21 contains objects: (dish rack)-5 at bbox [0.85, 0.01, 1.0, 0.37], at 35 degrees(CW), dist 1.5,

x 0.8, y 1.2.
The correspond objects between image 13 and image 21 is (dish rack).-5.

According to the objects motion changes, from imagel3 to image2l, the camera motion is: translation (x
0.4, y 0.4), rotation (left 70 degrees, down 10 degrees).
As mentioned above, from image7 to imagel3, the camera motion is: translation (x 0.2, y -0.1),

rotation (left 25 degrees, down 10 degrees).

Consequently, by accumulating the transformations, from image7 to image2l, the camera motion is:
translation (x 0.4, y 0.4), rotation (left 95 degrees, down 20 degrees).

*%x From image2l to image27 xx*

Image 21 contains objects: refrigerator_6 at bbox [0.34, 0.0, 0.79, 0.87], at 5 degrees(CW), dist 1.6,
x 0.1, y 1.5.

Image 27 contains objects: Dbackpack. .19 at bbox [0.54, 0.17, 0.76, 0.45], at 10 degrees(CW), dist 2.6,
x 0.4, y 2.3; refrigerator.6 at bbox [0.38, 0.0, 0.79, 0.88], at 5 degrees(CW), dist 1.6, x 0.1, y 1.4.
The correspond objects between image 21 and image 27 is refrigerator-6.

According to the objects motion changes, from image2l to image27, the camera motion is: translation (x
-0.2, y 0.0), rotation (left 50 degrees, down 15 degrees).

As mentioned above, from image7 to image2l, the camera motion is: translation (x 0.4, y 0.4), rotation
(left 95 degrees, down 20 degrees).

Consequently, by accumulating the transformations, from image7 to image27, the camera motion is: trans
lation (x 0.4, y 0.2), rotation (left 145 degrees, down 35 degrees).

In this phase, image 27 has introduced some new objects in its own coordinate system: Dbackpack_ 19 at
bbox [0.54, 0.17, 0.76, 0.45]; refrigerator_.6 at bbox [0.38, 0.0, 0.79, 0.88].

Transfer these objects from image 27 into image 7 coordination system: backpack-19 at 140 de

grees (CCW), dist 2.5, x -1.2, y -1.5; refrigerator_6 at 70 degrees(CCW), dist 1.4, x -1.0, y 0.4;

Step 4: xxInfer object spatial relation and answer the questionxx

After localizing the objects from questions in the scene layout from step2, we can know that "In image
7 coordination system: refrigerator_6 at 70 degrees(CCW), dist 1.4, x -1.0, y 0.4; backpack.1l9 at 140
degrees (CCW), dist 2.5, x -1.2, y -1.5; microwave_-28 at 15 degrees(CCW), dist 1.6, x -0.4, y 1.5".
Considering the *xview perspectivexx mentioned in the question, the right answer this question is the
right answer is ‘A. back-left®

</think>

<answer>A</answer>




Figure 8. Failure case of trained CoT-SenseNova-SI-CGMap output on VSI-Bench [64] Rel. Dir subset. Multiple local inconsistencies
accumulate through the reasoning trajectory and ultimately lead to an incorrect answer.

Question:

If I am standing by the stove and facing the table, is the refrigerator to my front-left, front-right,
back-left, or back-right?

The directions refer to the quadrants of a Cartesian plane (if I am standing at the origin and facing
along the positive y-axis).

Options: A. front-right, B. front-left, C. back-right, D. back-left

GT: A

Prediction (CoT-SenseNova-SI-CGMap) :

<think>

I will reason through this question step by step.

For one object in one image coordination system, its location is described as "category-id at bbox [x1,
vl, x2, y2], at direction, distance from camera and x, y".

x-aixs is the right side of the camera view perspective. y-axis is the forwad perspective.

The unit of distance is meters, and the unit of angle is degrees.

For describing camera motion, the movement from image ‘a‘ to image ‘b‘' is defined relative to the
coordinate system of image ‘a‘.

Step 1: xxClarify the queried objects in the related imagex=*

From the question, I can infer that the queried objects are the stove, the table and the refrigerator.
After looking over the provided images, I can get that the stove.18 shows in image 19, specifically

at bbox [0.21, 0.01, 1.0, 1.0], at 5 degrees(CW), dist 1.6, x 0.1, y 1.4; the table 25 shows in im

age 21, specifically at bbox [0.02, 0.82, 0.2, 1.0], at 25 degrees(CCW), dist 2.6, x -0.9, y 2.1; the
refrigerator.10 shows in image 25, specifically at bbox [0.41, 0.26, 0.6, 0.98], at 5 degrees(CW), dist
2.4, x 0.1, y 2.3.

Consequently, to solve this question, image [19, 21, 25] need to be paid more attentions to.

In this step, I have also assigned an id to each queried object.

I will keep this custom to distinguish objects that belong to the same category but are not the same
instance.

Step 2: xxEstablish connections among the relevant imagesx*x*

To analyze the relationships among the images identified in Step 1, I will select some images to
connect them.

Two images are connected only if they share corresponding objects.

After looking over all these images, I derive the following chain that illustrates how the queried
images are connected:

From image 1 to image 2 directly, the corresponding object is: doorframe_.24. Based on the object
appearance change, I can infer that in this phase, the camera translates right, rotates to right
slightly and looks up.

From image 1 to image 4 directly, the corresponding object is: door_21. Based on the object
appearance change, I can infer that in this phase, the camera translates left and front, rotates to
left slightly and looks up.




From image 4 to image 16 directly, the objects are mostly not fully visible. But Based on the object
appearance change, I can infer that in this phase, the camera translates left, rotates to left and
looks down.

From image 16 to image 19 directly, the corresponding objects are: towel 16, stove.l8. Based on the
object appearance change, I can infer that in this phase, the camera translates right and front, ro
tates to back-left and looks up.

From image 2 to image 21 via image 19, the corresponding object is: (kitchen cabinets)_4. Based on
the object appearance change, I can infer that in this phase, the camera translates right and front,
rotates to left and looks up.

From image 21 to image 25 via image 24, the corresponding object is: doors-0. Based on the object
appearance change, I can infer that in this phase, the camera translates left and rears, rotates to
right and looks up.

Based on these analyse, I can infer that image 19 and image 21 can be related by image order [19, 16,
4, 1, 2, 19]. Then image 25 can be further connected by image order [19, 21, 24, 25].

Step 3: =xxConstruct Scene Layoutxx

The overall scene layout is constructed in the coordinate system of image 19 as follows.

How the main images are connected has been described in Step 1. The I will analyse the layout in
detail.

*x From imagel9 to image4d xx*

Image 19 contains objects: stove_18 at bbox [0.21, 0.01, 1.0, 1.0], at 5 degrees(CwW), dist 1.6, x 0.1,
y 1.4; towel 16 at bbox [0.24, 0.35, 0.41, 0.78], at 10 degrees(CCW), dist 1.4, x -0.2, y 1.3; towelll5
at bbox [0.31, 0.32, 0.49, 0.77], at 5 degrees(CCwW), dist 1.4, x -0.1, y 1.3.

Image 4 contains objects: towel_16 at bbox [0.9, 0.65, 1.0, 0.99], at 40 degrees(CW), dist 1.4, x 0.7,
y 0.9; towel.l5 at bbox [0.89, 0.34, 1.0, 0.83], at 35 degrees(Cw), dist 1.4, x 0.7, y 1.0.

The correspond objects between image 19 and image 4 are towel_16, towel_15.

According to the objects motion changes, from imagel9 to imaged4, the camera motion is: translation (x
-0.1, y 0.1), rotation (right 50 degrees, down 30 degrees).

*x From image4 to imagel6 xx*

According to the objects motion changes, from imaged4 to imagel6, the camera motion is: translation (x
-0.2, y 0.0), rotation (left 30 degrees, down 15 degrees).

As mentioned above, from imagel9 to imaged4, the camera motion is: translation (x -0.1, y 0.1),
rotation (right 50 degrees, down 30 degrees).

Consequently, by accumulating the transformations, from imagel9 to imagel6, the camera motion is:
translation (x -0.2, y 0.3), rotation (right 20 degrees, down 45 degrees).

*x From imagel6 to imagel9d x*x

Image 16 contains objects: stove_18 at bbox [0.02, 0.0, 0.56, 0.51], at 20 degrees(CCW), dist 1.8, x
-0.5, y 1.6; towel 16 at bbox [0.92, 0.0, 1.0, 0.11], at 30 degrees(CW), dist 1.6, x 0.7, y 1.3.

Image 19 contains objects: stove.l8 at bbox [0.21, 0.01, 1.0, 1.0], at 5 degrees(CwW), dist 1.6, x 0.1,
y 1.4; towel_16 at bbox [0.24, 0.35, 0.41, 0.78], at 10 degrees(CCW), dist 1.4, x -0.2, y 1.3.

The correspond objects between image 16 and image 19 are stove.l8, towel_ 16.

According to the objects motion changes, from imagel6 to imagel9, the camera motion is: translation (x
0.7, y 1.2), rotation (left 100 degrees, up 30 degrees).

As mentioned above, from imagel9 to imagelé, the camera motion is: translation (x -0.2, y 0.3),
rotation (right 20 degrees, down 45 degrees).

Consequently, by accumulating the transformations, from imagel9 to imagel6, the camera motion is: trans
lation (x 0.8, y 1.2), rotation (left 80 degrees, down 15 degrees).

*x From image2 to image2l xx*

Image 2 contains objects: (kitchen cabinets)_4 at bbox [0.6, 0.7, 0.7, 0.96], at 10 degrees(CW), dist
2.9, x 0.5, y 2.6.
Image 21 contains objects: (kitchen cabinets)_-4 at bbox [0.19, 0.71, 0.36, 1.0], at 10 degrees (CCW),

dist 2.2, x -0.4, y 1.9; table_25 at bbox [0.02, 0.82, 0.2, 1.0], at 25 degrees(CCW), dist 2.6, x -0.9,
y 2.1.
The correspond objects between image 2 and image 21 is (kitchen cabinets)_4.

According to the objects motion changes, from image2 to image2l, the camera motion is: translation (x
2.0, y 1.2), rotation (left 45 degrees, up 25 degrees).
As mentioned above, from imagel9 to image2, the camera motion is: translation (x 0.1, y 0.1), rotation

(right 50 degrees, down 30 degrees).

Consequently, by accumulating the transformations, from imagel9 to image2l, the camera motion is:
translation (x 2.4, y -0.5), rotation (right 5 degrees, down 0 degrees).

In this phase, image 21 has introduced some new objects in its own coordinate system: (kitchen
cabinets)_4 at bbox [0.19, 0.71, 0.36, 1.0]; table_25 at bbox [0.02, 0.82, 0.2, 1.0].

Transfer these objects from image 21 into image 19 coordination system: (kitchen cabinets)-4 at 60 de
grees (CW), dist 3.1, x 2.5, y 1.4; table.25 at 50 degrees(CW), dist 3.2, x 2.3, y 1.9;




*x From image2l to image25 =*x

Image 21 contains objects: doors.0 at bbox [0.01, 0.23, 0.22, 0.85], at 25 degrees(CCW), dist 3.1, x
-1.3, y 2.8.

Image 25 contains objects: doors.0 at bbox [0.0, 0.36, 0.32, 0.97], at 20 degrees(CCW), dist 3.7, x
-1.2, y 3.5.

The correspond objects between image 21 and image 25 is doors.0.

According to the objects motion changes, from image2l to image25, the camera motion is: translation (x
-1.0, y -0.2), rotation (right 30 degrees, up 10 degrees).
As mentioned above, from imagel9 to image2l, the camera motion is: translation (x 2.4, y -0.5),

rotation (right 5 degrees, down 0 degrees).

Consequently, by accumulating the transformations, from imagel9 to image25, the camera motion is:
translation (x 1.4, y -0.7), rotation (right 35 degrees, up 10 degrees).

In this phase, image 25 has introduced some new objects in its own coordinate system: doors_0 at bbox
[0.0, 0.36, 0.32, 0.97].

Transfer these objects from image 25 into image 19 coordination system: doors_-0 at 40 degrees (CW), dist
3.6, x 2.3, y 2.8;

Step 4: xxInfer object spatial relation and answer the questionxx

After localizing the objects from questions in the scene layout from step2, we can know that "In image
19 coordination system: the stove_18 at 5 degrees(CW), dist 1.6, x 0.1, y 1.4; the table_25 at 50 de
grees (CW), dist 3.2, x 2.3, y 1.9; the refrigerator.10 at 5 degrees(CW), dist 2.4, x 0.1, y 2.3".
Considering the xxview perspectivexx mentioned in the question, the right answer this question is the
right answer is ‘C. back-right®

</think> <answer>C</answer>
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