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Abstract
On-device embodied AI allows local processing of visual data

and prompt responses to user requests. Applying embodied

AI to more complex domains requires spatial cognition, to

properly comprehend the 3D environment and geometric re-

lations between objects. However, existing vision-language

models (VLMs) are weak in spatial cognition due to their

limitations to 2D image understandings. In this paper, we

present SpatialMind, a new on-device embodied AI technique

that bridges the gap between 2D visual inputs and 3D physi-

cal reality, by injecting 3D spatial knowledge into on-device

VLMs in a sparse form of 2D allocentric spatial memory.

This memory is constructed by systematically aligning cross-

frame visual features to a unified global viewpoint, and we

prune the scope of on-device computation to maximize the

compute efficiency in memory construction and VLM rea-

soning. Experiment results in diverse indoor environments

show that SpatialMind greatly enhances the performance

of spatially aware on-device embodied AI tasks, with high

adaptability, robustness and compute efficiency.
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Figure 1: Spatially aware embodied AI relies on on-
device VLM’s ability of spatial cognition to extract core
spatial patterns from egocentric video inputs

1 Introduction
Today’s embodied and mobile devices, such as smartphones,

AR/VR devices [38, 53, 55, 83] and robot-mounted cameras

[34, 85, 91], widely use Vision-Language Models (VLMs) [11,

66, 72] to interpret visual observations of the physical world.

Running these VLMs locally allows visual data to remain on

the device and enables spatial reasoning without continuous

dependence on cloud connectivity [31, 42, 62, 66, 93].

Currently, on-device VLMs have excelled at appearance-

based perception tasks from 2D visual features (e.g., color,

texture, shape), such as object detection [9, 18, 39] and se-

mantic segmentation [28, 39, 75]. However, as embodied AI

expands into more complex and interactive domains, sim-

ply detecting and recognizing objects is no longer sufficient;

instead, the models must possess profound capabilities in

spatial cognition, to comprehend the 3D physical proper-

ties of the environment and geometric relations (e.g., dis-

tance, orientation, and relative positioning) between objects

in different views. This capability, as shown in Figure 1, is

an important perceptual primitive for many embodied ap-

plications [21, 40]. For instance, before a service robot can

execute a command such as “grab the cup beside the laptop”,

its perception system must determine the relative locations

of the referenced objects across changing viewpoints. Simi-

larly, an AR assistant may need to estimate the dimensions
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Figure 2: SpatialMind transforms egocentric video
frames into a sparse allocentric 2D spatial memory

or relative positions of nearby objects before a downstream

application can make an interaction decision.

Unfortunately, the performance of current VLMs is inade-

quate in these tasks [13, 26, 48], because they are mainly

designed and trained to encode flat 2D image frames as

token sequences. They might succeed at determining 2D

pixel-coordinate relations within images, but fail when per-

ceiving the 3D physical world through continuous egocentric

observations across multiple views [22, 74, 84]. Especially

when on-device embodied AI can only support VLMs with

small parameter sizes
1
due to the limited onboard battery life,

thermal threshold and memory capacity, the performance of

on-device VLMs is far below the human level, even in simple

tasks that involve only few objects and views [57, 63, 64, 72].

This limitation becomes the key barrier for transforming

embodied AI from lab prototypes to practical products.

Recent cloud-based VLMs (e.g., GPT-5 and Gemini-3-Pro),

on the other hand, started involving 3D scenes into training

data, to gain spatial abilities [58] by building 3D representa-

tions in their large embedding spaces. However, these large

proprietary models cannot be used for on-device deploy-

ment, and remote access to cloud-based VLMs involve extra

concerns about communication latency and data privacy.

To address such limitation without involving large VLM

parameter sizes and extra compute costs, a paradigm shift in

how on-device VLM perceives and interacts with the physi-

cal world is needed. In this paper, we present SpatialMind, a
zero-shot

2
VLM inference technique for on-device embodied

AI, which bridging the gap between 2D egocentric visual

inputs and 3D physical reality by transforming how spatial

knowledge is injected into and processed by lightweight on-

device VLMs. Rather than forcing a small on-device VLM to

implicitly deduce the 3D geometry from unstructured video

pixels, as shown in Figure 2, SpatialMind explicitly simplifies

1
Edge computing devices, such as smartphones, AR/VR devices or NVIDIA

Jetson Orin, are generally restricted to supporting VLM inference at most

3B parameters, within their standard 8GB memory constraint [11].

2
We refer ”zero-shot” to the absence of task-specific or scene-specific VLM

fine-tuning. With that being said, we use pre-trained perception modules

for object grounding, segmentation, depth estimation, and image matching.

the 3D scene into an allocentric spatial memory, by inte-

grating the 3D knowledge contained in different viewpoints

into a unified 2D representation. For computationally effi-

cient on-device deployment, this allocentric spatial memory

is designed as a sparse top-down grid, and is constructed by

extracting the shifting and fragmented 3D coordinates from

multiple egocentric frames into a global coordinate system.

By feeding this 2Dmemory to the VLM via a carefully crafted

visual prompt, SpatialMind allows the on-device VLM to ef-

fortlessly deduce complex spatial relations among objects in

the scene, without involving difficult 3D cognition.

This spatial memory is locally constructed, but construc-

tion via on-device VLM’s native reasoning is infeasible due

to its limited representation power. Instead, we develop a spe-

cialized pipeline to incrementally populate the spatial mem-

ory by systematically aligning cross-frame visual features.

First, we utilize lightweight on-device perception models

(e.g., efficient segmentation and depth estimators) to extract

3D spatial features from individual video frames. Next, we

establish cross-frame visual correlations using lightweight

image matching within the bounding boxes of task-relevant

objects. Crucially, rather than relying on naive sequential

frame integration which inevitably accumulates severe spa-

tial drift over time, SpatialMind introduces a topology-aware

multi-frame alignment strategy. By organizing the video

frames into a Maximum Spanning Tree (MST) based on vi-

sual similarity and anchoring them to a central root frame,

SpatialMind computes global transformations exclusively

along high-confidence paths. This topology naturally isolates

alignment errors to leaf nodes, prevents drift propagation,

and enables recovery of occluded or partially visible objects

by projecting geometric priors from aligned viewpoints.

To further improve the compute efficiency, we avoid pro-

cessing every single video frame, and instead develop an

approach of iterative key frame selection by leveraging the

inherent temporal locality of objects’ appearances in video.

More specifically, we iteratively update the sampling distri-

bution being used to select key frames according to the visual

similarity among frames, and hence allow SpatialMind to

progressively focus on the most informative video segments,

with respect to the current on-device compute constraints.

To our best knowledge, SpatialMind is the first that em-

powers small on-device VLMs with complex and cross-frame

spatial cognition capabilities. SpatialMind does not introduce

new visual perception models; instead, its main contribution

lies in the systematic integration of the existing visual per-

ception modules into a query-conditioned, resource-aware,

and VLM-compatible spatial cognition pipeline.

We deployed and evaluated SpatialMind across a variety

of embodied AI platforms, including NVIDIA Jetson Orin and

Oneplus Ace 3 Pro smartphone. Since we focus specifically

on evaluating SpatialMind’s capability of spatial cognition
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rather than its downstream generation and control of em-

bodied actions, our evaluations directly measures the perfor-

mance of SpatialMind on spatial reasoning tasks, allowing us

to isolate the VLM’s ability of integrating multi-view geomet-

ric information without confounding it with motor-control

or hardware-specific failures. From experiment results in

diverse indoor environments (residential homes, offices, li-

braries, etc), we have the following conclusions:

• SpatialMind significantly improves embodied AI task
accuracy. On difficult embodied AI tasks that involve

spatial information in multiple views, SpatialMind

achieves up to 40% higher accuracy compared to com-

petitive baselines of video understanding.

• SpatialMind is highly adaptive and robust. It can reli-

ably adapt to different types of complex indoor scenes

with severe occlusions and partial visibility, and experi-

ences 30% less performance loss than existing schemes.

• SpatialMind is computationally efficient, and can be

executed on most embodied AI platforms. On NVidia

Jetson Orin, it reduces memory usage by 26% and com-

pute latency by 5% compared to competitive baselines.

2 Background and Motivation
2.1 Deficiency of VLMs in Spatial Cognition
Existing VLMs struggle in spatial cognition tasks [26, 48, 57].

Unlike humans who can naturally form 3D allocentric “men-

tal maps” to establish cross-view correspondence, VLMs pro-

cess flat 2D token sequences [24, 25]. Consequently, they fail

to maintain spatial consistency across shifting viewpoints, as

shown in Figure 3. This ability of spatial cognition also scales

with the VLM’s parameter size [76]. Existing studies show

that, on relatively simple tasks such as estimating the object

sizes, a state-of-the-art VLM (e.g., GPT-5 or Gemini3-Pro) can

achieve human-level performance, but a small VLM with 3B

parameters barely outperforms a random guess [13, 61]. As

shown in Figure 4, for small on-device VLMs (e.g., Qwen3-VL-

8B), the deficiency in spatial cognition
3
is much more severe

due to their limited representation power and the subsequent

lack of visuospatial commonsense [78]. Clearly, deploying a

large VLM on embodied AI devices is impractical, and this

constraint motivates us to improve the spatial cognition of

small on-device VLMs beyond their representation power.

Recent analysis further showed that VLMs do not de-

velop an internal 3D understanding [13, 20, 90]; instead,

their spatial cognition relies on 2D positional encodings (e.g.,

RoPE) within the visual encoder, leaving them structurally

3
Results shown in Figure 4 is a diagnostic comparison based on the spatial-

cognition task taxonomy in MMSI-Bench [78]. We evaluate GPT-5 and

Qwen3-VL-8B on the same benchmark categories and use human perfor-

mance reported by MMSI-Bench as the human baseline. For visualization,

category-level scores are normalized independently on each axis.

Question: Using four orthogonal views 
of a chair, if you stand facing the 
direction in Image 3, turn left, and 
move forward, will you approach the 
corridor and black chair?
Ground Truth: Yes

Answer: From image 3 (back view), 
turning left will put you facing the 
orientation of image 4 (right-side view). 
The corridor with the black chair is in 
image 2 (left-side view). Therefore, after 
turning left, you would be heading the 
opposite way, not toward the 
corridor/black chair.

GPT-5

Figure 3: Deficiency of VLMs in spatial cognition: a
multi-view transition task where strong VLMs like
GPT-5 fail to build correct cross-view correspondence

unequipped for 3D spatial understanding. Therefore, merely

scaling up the training data is ineffective to resolve the VLMs’

deficiency in spatial cognition, and instead motivates us to

externalize the 3D spatial cognition process, i.e., turning the

3D representations to 2D spatial memory, which is easier for

VLMs to perceive due to its alignment with VLM’s inherent

reliance on explicit 2D positional features.

Measurement

Appearance

Relationship
(Cam-Region)

Relationship
(Cam-Obj)

Relationship
(Obj-Obj)

Relationship
(Cam-Cam)

Cam-Motion

Multi-step
Reasoning

GPT-5
Human

Qwen3-
VL-8B 

Figure 4: Existing VLMs exhibit severe deficiencies in
spatial cognition compared to humans, and the small
on-device VLM (Qwen3-VL-8B) performs the worst

2.2 Other Sensory Modalities as VLM Inputs
Depth map [92] and point clouds [36] produced by LiDAR

and mm-Wave can also be used as VLM inputs to provide

more spatial information and hence enhance VLM’s capa-

bility in spatial cognition. However, hardware devices with

sufficient sensing accuracy are often too expensive for low-

cost embodied AI devices such as small robots and AR/VR

headsets [52, 53]. While software-based monocular depth

estimators [4, 77] offer a lightweight alternative, their esti-

mation errors escalate substantially in the far field [23, 86].

For instance, experiments in [86] show that errors of depth

estimation largely rises once the normalized depth range

exceeds 60%. Due to this discrepancy, rather than directly

using the raw depth estimations to calculate object locations,

in SpatialMind we iteratively align depth estimates (from

RGB video captures) across frames, and only use the aligned

depth point to construct the spatial memory.

Furthermore, even when accurate depth maps or point

clouds are available, they cannot be directly used as visual
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Figure 5: Overview of SpatialMind design

input to small on-device VLMs (3B-7B parameters), which

are not trained to parse continuous 3D matrices. When fed

dense depth maps as pseudo-RGB inputs, these small VLMs

will collapse precise geometric metrics into rudimentary

foreground/background zones [46, 48]. This deficiency drives

the design of SpatialMind. Instead of forcing the VLM to

process error-prone depth arrays, we decouple 3D geometry

extraction from language reasoning, and translate complex

3D scenes into the VLM’s native 2D memory.

3 SpatialMind Design
SpatialMind is designed for indoor spatial cognition at the

room scale from recent on-device egocentric RGB observa-

tions, without any preloaded 3D scan, semantic map, scene

graph, or environment-specific object database. At runtime,

it conducts a spatial cognition task with a received natural-

language query 𝑞 and a recent video buffer V = 𝐼1, . . . , 𝐼𝑁
with 𝑁 video frames, acquired through normal device or

camera motion. Unlike visual tasks requiring high metric

precision such as robotic grasping [43] or dense 3D recon-

struction [45], SpatialMind’s tasks include object localization,

metric measurement, relative object relations (e.g., left/right,

near/far, adjacent) and cross-view perspective reasoning, and

the resulting spatial memory may provide geometric context

to the downstream embodied applications such as action

generation, active navigation, and closed-loop manipulation.

Note that, the video buffer may not fully cover the indoor

environment and could only contain the region observed dur-

ing the recent acquisition interval, but we assume that the

objects of interest are visible in the video buffer, so that the

available visual cues make the given query to be answerable.

We assume moderate camera motion and static or slowly

changing scene geometry during this interval, although par-

tial visibility and occasional occlusions may occur.

Since processing the entire raw video is too expensive for

embodied AI devices, SpatialMind instead enforces a com-

putationally efficient pipeline that procedurally prunes the

scope of on-device computation, as shown in Figure 5. First,

it extracts task-relevant objects and filters redundant visual

data via Task Grounding. Next, it uses Key Frame Selection to

sample video segments within the compute budget. Lastly,

within the pruned scope of computation, we use Viewpoint
Integration to build the allocentric 2D spatial memory from

the 3D scene layout, and inject the spatial memory via a struc-

tured visual prompt to VLM, effectively driving its spatial

cognition in the 2D space.

3.1 Task Grounding
Instead of feeding the entire raw video to on-device VLM,

we first establish what the embodied AI system looks for,

and then filter the input video to only involve the needed

spatial information. Given a user query, SpatialMind first

identifies task-relevant objects. We prompt a lightweight on-

device VLM with the text query alongside a small, randomly

sampled subset of video frames, to disambiguate object at-

tributes and scene context. As shown in Figure 6, the VLM

will output a list of target objects that are directly mentioned

in the query, ranked by their relevance to the query and

likelihoods of appearance in the video, based on joint un-

derstanding of question semantics and visual priors inferred

from the sampled frames. In addition, it will also provide a

list of cue objects that are related to the current task and serve
as spatial landmarks, and each cue object is associated with

a significance weight indicating its relevance to the task.

We notice that adjacent frames in a video stream are of-

ten similar, and processing each of them yields diminishing

returns. To further reduce the on-device compute workload,

we will detect adjacent frames with high similarity and fil-

ter out redundant frames. Rather than running expensive

deep-learning similarity metrics (e.g., SSIM [68]) on every

frame, we use a hierarchical filtering strategy: we first apply

ultra-lightweight motion-based keypoint tracking method

(e.g., ORB/SIFT [49]) to detect candidate scene changes, and

only invoke the costlier SSIM checks on this filtered subset.
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Template: Based on video frames, identify 
target and cue objects with significance 
weights to answer: <Task Question>. Target 
objects are explicitly requested items; cue 
objects are contextual landmarks. Assign 
higher weights to targets than to cues.

Where can I find 
the sofa with 
red pillow on it?

Input video

User query

Sample

  "target_objects": [{ "sofa with red pillow": 1.0 }],
  "cue_objects": [{"TV": 0.5}, {"Table": 0.4}, {"Counter": 0.3}, {"Printer": 0.1}]

Sampled frames

Figure 6: Example of task grounding

3.2 Iterative Key Frame Selection
Once the target and cue objects are identified, SpatialMind

looks for video frames that contain these objects from the

video stream. A straightforward solution to finding these key

video frames is to score every video frame with an object

detector such as GroundingDINO [39] or Yolo-World [9]),

but doing so incurs massive compute overhead and large

extra latency. Instead, to improve the compute efficiency

of on-device embodied AI, SpatialMind enforces a runtime

compute budget, defined as the number of key frames to be

selected, based on the available compute resources and task-

dependent requirements on the embodied AI device. Then,

it employs an iterative temporal search to select a minimal

yet sufficient set of key frames.

Our approach is to exploit the temporal locality in the

video stream, i.e., if an object is detected in one frame, the

chance of it appearing in adjacent frames is higher, due to

the continuity of camera motion [44, 71, 88] (details are in

Appendix A). As shown in Figure 5, key frame selection is

conducted in multiple iterations. In each iteration, we score

only a small subset of frames drawn from a sampling distri-

bution. When a sampled frame yields a high score of object

detection, we adaptively update the sampling distribution,

by applying a Gaussian kernel to that frame’s temporal index

in the sampling distribution and dynamically scaling the ker-

nel’s amplitude and standard deviation based on cross-frame

visual similarity. In this way, we allow SpatialMind to pro-

gressively zoom into the most informative video segments,

while aggressively skipping other irrelevant segments. De-

tails of such sampling distribution are in Section 4.1, and

how to adapt key frame selection to the current compute

budget is tackled in Section 4.2.

3.3 Viewpoint Integration
With the selected key frames, SpatialMind integrates frag-

mented visual information in these frames to reconstruct

the 3D scene layout, which is then converted to a 2D spatial

memory (§ 3.4). Directly prompting the small on-device VLM

to output the structured 3D map for the entire scene, how-

ever, catastrophically fails. As shown in Figure 7, small VLMs

Instruction: Analyze the given indoor scene and identify all distinct objects. 
For each object, provide its name and relative location in 3D coordinates.

Input videos

Output (Qwen-2.5-VL-3B)

Sample

[‘```json\n[\n\t{“bbox_3d”: [1, 247, 253, 633, 127, 485], “table”: 
“sofa”}\n]\n```']

Selected keyframes

Figure 7: Ineffective generation of the 3D map by di-
rectly prompting the small on-device VLM

lack sufficient representation power to accurately deduce

3D measurements and relative positions from image pixels,

yielding incomplete object lists and hallucinated layouts.

Instead, SpatialMind first extracts spatial features using

specialized vision models, and then procedurally aligns these

fragmented features across multiple views into a unified

global coordinate system. For each frame, a lightweight seg-

mentation model (e.g., MobileSAM with 1B parameters [87])

isolates individual objects, and a compact depth estimator

(e.g., ZoeDepth-N with 3.4B parameters [3]) projects them

into a local 3D point cloud
4
.

Since an object’s observed location and orientation could

shift across different egocentric views, cross-frame alignment
is required to fuse all objects in different viewpoints into

a global coordinate system. In particular, to optimize for

the user’s query of spatial cognition, we anchor this global

coordinate system to the local coordinates of the frame that

is most likely to contain the target objects, hence ensuring

the allocentric spatial memory remains target-centric.

The foundational step of this alignment is estimating the

camera transformation matrix T𝑖→𝑗 ∈ 𝑆𝐸 (3) between a pair

of frames 𝑖 and 𝑗 , where 𝑆𝐸 (3) denotes the space of 3D rigid

transformations [56] containing both translation and rota-

tion. Specifically, the transformation is decomposed as:

T𝑖→𝑗 =

[
R𝑖→𝑗 t𝑖→𝑗

0⊤ 1

]
,

where R𝑖→𝑗 ∈ 𝑆𝑂 (3) is the rotation matrix and t𝑖→𝑗 ∈ R3
is

the camera translation between frames. By applying these

transformations, points in a frame’s local coordinate system

of can be projected into a global coordinate system, fusing

fragmented views into a coherent cognitive map.

Conventionally, the transformation matrix T𝑖→𝑗 ∈ 𝑆𝐸 (3)
between two frames is computed using Iterative Closest

Point (ICP) algorithms for 3D point cloud matching [12].

However, ICP is highly unreliable under strict on-device

compute constraints which only allows a sparsely budgeted

4
These lightweight models can efficiently locate object coordinates with

high accuracy, e.g., 75% mIoU on COCO dataset [35] for MobileSAM, and

0.05 relative error on NYU Depth V2 dataset [51] for ZoeDepth-N.
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Figure 8: Different methods of cross-frame alignment

set of video frames for segmentation and depth estimation,

and the 3D overlapping regions between these frames are

often too minimal for ICP to converge accurately. To ad-

dress this limitation, SpatialMind use a pretrained matching

model, such as MatchAnything [15], to identify the overlap-

ping regions first and then only compute the transformation

matrix based the matching pixels from task related objects.

More details about such matching-based computation of the

transformation matrix are presented in Section 5.1.

To integrate these pairwise estimates into the global co-

ordinate system, a naive approach is sequential integration.

As shown in Figure 8, temporal adjacency in a video does

not guarantee visual similarity, and chaining transforma-

tions in temporal order is susceptible to cumulative spatial

drift. Instead, SpatialMind employs a topology-aware ap-

proach to multi-frame alignment. We organize key frames

into a Maximum Spanning Tree (MST) rooted at the central

“global anchor” frame, where edges denote the maximum vi-

sual overlap between nodes. By computing global poses via

unique paths to the root rather than following the chrono-

logical video order, we ensure transformations are derived

exclusively from high-confidence pairs. This prevents error

propagation and safely isolates mismatched outliers at the

branch ends. Details about such alignment are in Section 5.2.

Another challenge that may affect the matching accuracy

is the possible occlusion or partial visibility of objects, which

often prevents the segmentation model from detecting them.

Once all frames are aligned, SpatialMind estimates the global

camera pose (location and orientation) for every frame based

on the calculated transformation matrices. Using these cam-

era parameters, the system mathematically infers which ob-

jects logical fall within the current field of view (FoV) but

were missed by the lightweight segmentation model due to

partial visibility. The current matching results are then used

to guide the segmentation model to reliably recover these

occluded or partially visible object components. More details

are provided in Section 5.3.

3.4 Injection of Spatial Memory to the VLM
The final step of SpatialMind’s pipeline is to allow the on-

device VLM to effectively comprehend the spatial informa-

tion from integrated viewpoints. Directly feeding raw and

Where can I find 
the sofa with red 
pillow on it?

{ "sofa with red pillow.", "x": -1.269, "y": -2.898}, 
{"TV.", "x": -0.142, "y": 2.515}, 
{"Table.", "x": 1.191, "y": -1.720}, 
{"Kitchen Counter.", "x": -0.385, "y": 1.243}, 
{"Oven.", "x": 1.5, "y": 1.0}, 
{"Printer.", "x": 1.0, "y": -0.5}

Selected keyframes

Allocentric spatial memory

User query

Figure 9: Full input being injected to the VLM

dense 3D point clouds is impractical, as VLMs would require

additional training to perceive this unseen input modality.

Furthermore, rendering the point clouds as RGB images is

also unsuitable, since unavoidable errors during the integra-

tion phase would result in blurred visuals.

To bridge this gap, SpatialMind projects the 3D scene lay-

out generated in § 3.3 into allocentric spatial memory, in the

form of a simplified 2D top-down (BEV) spatial grid. To elim-

inate any visual ambiguity inherent to grid-based rendering,

as shown in Figure 9, we further craft a visual prompt as

the input to VLM, by pairing the grid with strict text-based

bounding box coordinates
5
corresponding to the physical

objects. Each object is assigned a unique color identifier. By

feeding this unified and lightweight prompt to the VLM, Spa-

tialMind can trigger complex spatial cognition and enable

the device to deduce global spatial relationships effortlessly

with the minimum compute overhead. Alternatives to this

prompting method and their respective system trade-offs are

discussed and evaluated in Appendix B.

4 Optimizing the Key Frame Selection
4.1 Applying the Gaussian Kernel
When updating the sampling distribution of key frame selec-

tion, we enforce the temporal locality by applying a Gaussian

kernel to each scored frame, so that other frames that are tem-

porally close to this scored frames will have higher chances

to be scored. More specifically, letting the input video frames

be indexed as 1, 2, ...𝑁 in time, the Gaussian kernel applied

to a scored frame 𝑖 can be written as

GaussianKernel(𝑥 ; 𝐼𝑖 , 𝜎
2

𝑖 ) = exp

(
− (𝑥 − 𝐼𝑖 )

2

2𝜎2

𝑖

)
,

where 𝐼𝑖 is the likelihood score of frame 𝑖 , and the kernel

width 𝜎𝑖 (i.e., the standard deviation) is adaptively deter-

mined by the average normalized similarity score (𝑠𝑖 ), mea-

sured by histogram-based metrics [59, 89], between frame 𝑖

and other frames within a time window centered at 𝑖 . In prac-

tice, the proper size of time window depends on the specific

5
We intentionally use bounding boxes rather than complex contours, to

compress the context length and minimize the VLM’s compute cost.
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characteristics of temporal locality between frames, which

is scene dependent. To further verify the temporal locality

and quantize such time window, we conducted a small-scale

benchmark study using the VSI-Bench benchmark that de-

picts indoor scenes [76]. Based on results in Appendix A, we

set the size of time window (𝑟 ) as 3, to ensure that the Gauss-

ian kernel can capture short-range temporal correlations

while avoiding other frames with weak semantic relevance.

To ensure alignment between the kernel spread and the

window, we constrain the standard deviations as 𝜎min = 1/𝑘
and 𝜎max = 𝑟/𝑘 , where 𝑘 =

√
2 erf

−1 (𝐼𝑖 ;𝛼) and 𝛼 ∈ (0, 1)
specifies the desired fraction of probability mass within [𝐼𝑖 −
𝑘𝜎𝑖 , 𝐼𝑖 + 𝑘𝜎𝑖 ]. For example, setting 𝛼 = 0.6827 recovers 𝑘 ≈ 1

(the 1𝜎𝑖 band), while 𝛼 = 0.9545 yields 𝑘 ≈ 2 (the 2𝜎𝑖 band).

Given these bounds, we interpolate the variance as

𝜎𝑖 (𝑠𝑖 ) = 𝜎min +
(
𝜎max − 𝜎min

)
𝑠𝑖 , 𝑠𝑖 ∈ [0, 1] (1)

By setting 𝑘 = 2, we obtain 𝜎𝑖 (𝑠𝑖 ) ∈
[

1

2
, 𝑟

2

]
, which ensures

that when frame similarity is low in the window, the kernel

collapses towards a narrow peak around 𝑖 within the adja-

cent frame index, restricting influence to adjacent frames;

conversely, when the frame similarity is high, the kernel allo-

cates most of its mass across the entire window, facilitating

evidence propagation among semantically similar frames.

4.2 Adapting to the Runtime Frame Budget
In SpatialMind, key frame selection is not configured with a

fixed operating point. Instead, the system treats the number

of key frames (𝐵𝑡 ) as a parameterized frame budget to be

dynamically adjusted at runtime (𝑡 ) according to the instan-

taneous condition of the embodied AI device, which may

vary over time due to changes in battery level, thermal state,

processor contention, and end-to-end latency requirements.

In particular, in latency-sensitive applications such as as-

sistive robotics, the embodied AI system can opt to retain

bounded response time when the task deadline approaches,

by adopting a smaller number of key frames [38, 50].

A key challenge is that this number of key frames may

change while the 3D scene layout (§ 3.3) or the 2D spa-

tial memory (§ 3.4) is already being updated from previ-

ous selections. Naively reselecting a completely new set of

key frames would lead to unstable construction of spatial

memory and abrupt shifts in VLM’s reasoning. SpatialMind

instead enforces a warm-transition policy that preserves

continuity across successive updates of the frame budget.

Specifically, it maintains a ranked candidate buffer that stores

previously sampled frames, together with their accumulated

utility scores. When the budget decreases, SpatialMind re-

tains the frames with highest scores and prunes those with

lowest scores. In contrast, when the budget increases, Spa-

tialMind expands the set of key frames by including the most

informative frames. Hence, the set of key frames evolves

incrementally rather than being replaced abruptly.

Formally, let 𝜏𝑡−1 and 𝜏𝑡 denote the sets of key frame in-

dices before and after a budget adjustment. SpatialMind aims

to preserve temporal continuity by maximizing the overlap

between two selections with respect to the new budget:

max𝜏𝑡 |𝜏𝑡 ∩ 𝜏𝑡−1 | s.t. |𝜏𝑡 | ≤ 𝐵𝑡 . (2)

In practice, this objective of continuity is prioritized over

frames’ utility scores, and we implement it with a hysteresis

rule: an existing key frame is removed only when its utility

score falls sufficiently lower than a competing candidate,

hence avoiding oscillations when the device condition fluctu-

ates near a boundary. The spatial memory therefore degrades

gracefully, rather than collapsing due to abrupt resampling.

With the Gaussian kernels applied and runtime frame bud-

get adopted, our approach to iterative key frame selection is

in Algorithm 1. In Appendix C, we also provide detailed anal-

yses and discussions of system parameters being involved in

Algorithm 1, including the threshold of frame’s utility score

(𝛾 ) and the number of temporal search iterations (𝐵).

Algorithm 1 Key frame selection

Input: Video𝑉 of length 𝐿; targets T ; cues C; number of it-

erations 𝐵; select batch𝑚; key frame selection threshold

𝛾 ; window step 𝑟 ; Gaussian kernel std bounds 𝜎min, 𝜎max;

scoring weights𝑤T > 𝑤C > 0

Output: Selected keyframes 𝐹 with frame indices 𝜏

1: Initialize: 𝑆, 𝑁 ← 0
𝐿, 1

𝐿
; 𝑃 ← 1

𝐿
1
𝐿
; 𝐹, 𝜏 ← ∅

2: while 𝐵 > 0 do
3: 𝐼 ← Sample(𝑃 ⊙ 𝑁,𝑚); 𝐵 ← 𝐵 −𝑚
4: ({𝑑ℓ𝑖 },𝑂𝑖 )𝑖∈𝐼 ← Detect(𝑉 [𝐼 ])
5: for 𝑖 ∈ [1..|𝐼 |] where 𝑂𝑖 ∩ (T ∪ C) ≠ ∅ do
6: 𝑠𝑖 ← Similarity(𝑉 , 𝐼𝑖 , 𝑟 )
7: 𝜎𝑖 ← 𝜎min + (𝜎max − 𝜎min) 𝑠𝑖
8: 𝐾𝑖 ← GaussianKernel(𝐼𝑖 , 𝜎2

𝑖 )
9: 𝛼𝑖 ←

∑
ℓ∈𝑂𝑖∩T 𝑤

ℓ
T𝑑

ℓ
𝑖 +

∑
ℓ∈𝑂𝑖∩C𝑤

ℓ
C𝑑

ℓ
𝑖

10: 𝐾𝑖 ← 𝛼𝑖 · 𝐾𝑖
11: 𝑆 ← 𝑆 + 𝐾𝑖 ; 𝑁 [𝐼𝑖 ] ← 0

12: 𝑃 ← Normalize(𝑆 ⊙ 𝑁 )
13: for 𝑗 ∈ [1..𝐿] \ 𝜏 where 𝑆 [ 𝑗] ≥ 𝛾 do
14: 𝐹, 𝜏 ← 𝐹 ∪ {𝑉 [ 𝑗]}, 𝜏 ∪ { 𝑗}
15: return (𝐹, 𝜏)

5 Integration among Viewpoints
5.1 Pairwise Viewpoint Alignment
As described in Section 3.3, to efficiently compute the trans-

formation matrix for pairwise viewpoint alignment, we em-

ploy deep feature-based image matching models to estab-

lish pixel correspondences across RGB images in these two



MobiCom ’26, October 26–30, 2026, Austin, TX, USA Haoming Wang, Qiyao Xue, Weichen Liu, Boyuan Yang, Xiangyu Yin and Wei Gao

viewpoints, subsequently aligning the 3D coordinates of

the matched points. To further minimize the alignment er-

ror, rather than utilizing all pixel correspondences identi-

fied by the model, we retain only those located within the

pre-computed bounding boxes of task-relevant objects. This

approach excludes irrelevant background regions (e.g., walls

and floors) and hence results in higher alignment accuracy.

However, this method cannot ensure the accuracy of align-

ment for arbitrary frames. As demonstrated in Figure 10, the

results are only reliable when the pair of frames exhibits

significant visual overlap.

CLIP score
0.65Frame 55 Frame 53 Frame 116 Frame 120

CLIP score
0.87

Low visual similarity

Pixel matching Pixel matching

Alignment Alignment

High visual similarity

RGB point cloudsRGB point clouds
3D coordinates of 

matched points3D coordinates of 
matched points

Figure 10: Results of pairwise alignment with different
levels of visual similarities between frames, measured
by cosine similarity between their CLIP embeddings

5.2 Multi-Viewpoint Alignment
Due to the above limitations, we cannot rely on naive se-

quential integration to merge these pairwise alignments into

a globally consistent scene layout, as temporal adjacency

of frames in a sparsely sampled video does not guarantee

sufficient visual similarity. If the camera moves significantly

between two selected frames, the transformation estimation

may fail, and a single inaccurate estimation can propagate

the estimation error through the sequence of other frames.

Therefore, we instead propose a topology-aware align-

ment strategy which organizes the selected key frames into a

hierarchical tree structure with the maximum visual overlap

between connected nodes in the tree that represent frames.

This formulation ensures that global alignment relies exclu-

sively on the estimates between frames with sufficient visual

feature overlap. Furthermore, this tree topology provides

inherent isolation in estimation errors, because frames that

lack similarity with all other frames naturally correspond to

different leaf nodes in the tree. As a result, any estimation

errors associated with these outliers remain localized and do

not propagate to corrupt the alignment of other frames.

Specifically, letV = {1, . . . , 𝑁 } be the set of indices for key
frames, we define a fully connected graph G = (V, E) where
an edge (𝑖, 𝑗) ∈ E indicates the visual similarity between

0.65 0.870.84

0.63 0.68

Root
Frame 117

Frame 116Frame 53

Frame 55 Frame 60

Frame 65

Frame 122

Frame 121

Frame 119

0.890.83

0.78

Figure 11: An example of the frame similarity tree

the two connected nodes (frames), via its associated weight

𝑤𝑖 𝑗 as the cosine similarity between the CLIP embeddings

of frame 𝑖 and 𝑗 . This metric provides a computationally effi-

cient proxy for measuring semantic overlap, prior to detailed

geometric matching. We then construct a Tree T from G to

determine the optimal alignment as a path in T . This process
consists of three steps as described below:

1. Root Selection. We identify a global anchor frame (root),

denoted as 𝑟 , which serves as the origin of the global coordi-

nate system for cross-frame alignment. The root is selected

as the frame with the highest aggregate similarity to all other

frames, ensuring maximal centrality defined as

𝑟 = argmax𝑖∈V

∑︁
𝑗∈V, 𝑗≠𝑖

𝑤𝑖 𝑗 . (3)

2. TreeConstruction.To ensure that transformations across

viewpoints are exclusively estimated between visually simi-

lar pairs, we construct T as the MST of G. The tree topology
is optimized to maximize the sum of edge weights, such that

T = argmaxT′⊆G

∑︁
(𝑖, 𝑗 ) ∈E (T′ )

𝑤𝑖 𝑗 , (4)

This optimization can be implemented by the Kruskal’s

algorithm (𝑂 (𝑁 2
log𝑁 )), which iteratively adds edges that

have the highest similarity scores but do not form cycles.

The constructed tree structure then ensures that every frame

connects to the graph via its most reliable visual connections,

and frames with low overall similarity are naturally pushed

to the leaves. Figure 11 shows an example of the tree, where

Frame 55 is positioned as a leaf node due to its low simi-

larity with other frames. If we utilize the naive sequential

alignment scheme, an inaccurate transformation estimation

between Frames 53 and 55 would propagate errors to all

subsequent frames; our tree topology prevents this cascade.

3. Computing the Global Transformation. For any frame

𝑖 , there exists a unique path in T connecting it to the root 𝑟 .

Let this path be represented as a sequence of nodes 𝑃𝑖→𝑟 =

(𝑣0, 𝑣1, . . . , 𝑣𝑚) where 𝑣0 = 𝑖 and 𝑣𝑚 = 𝑟 , the global transfor-

mation matrixM𝑖 ∈ 𝑆𝐸 (3), which maps points from frame

𝑖 to the global coordinate system (frame 𝑟 ), is computed by

compounding the pairwise transformations along this path:
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M𝑖 = T𝑣𝑚−1→𝑣𝑚 · T𝑣𝑚−2→𝑣𝑚−1
· · ·T𝑣1→𝑣0

, (5)

where T𝑢→𝑣 is the relative transformation matrix derived

from image matching between adjacent nodes 𝑢 and 𝑣 in the

tree. By strictly following this path with the maximum simi-

larity, we can isolate estimation errors from outlier frames

at the branches’ ends and prevents drift propagation.

5.3 Geometry-Guided Refinement
To handle object occlusion and partial visibility, we introduce

a refinement stage following alignment. Using the calculated

camera intrinsics and extrinsics, we identify objects that are

geometrically expected to appear within a frame’s FoV but

are missing from the initial segmentation. For instance, if

an object is successfully segmented in Frame A but remains

undetected in Frame B, despite camera poses indicating it

should be visible, we leverage cross-frame pixel correspon-

dences. By matching pixels from the segmented region in

Frame A to unsegmented areas in Frame B, we generate can-

didate locations for the missing object. These locations then

serve as priors to guide the segmentation model, effectively

recovering partially occluded or fragmented objects.

6 Experiment Settings
Wedeployed SpatialMind onmultiple embodied AI platforms,

including NVidia Jetson Orin and Oneplus Ace 3 Pro smart-

phone. We then apply VLMs with various parameter sizes to

match the compute power constraints of each device: Qwen3-

VL-32B-4bit [2] and InternVL3-8B [8] on NVidia Jetson Orin

and Qwen-2.5-VL-3B [2] on the smartphone.

System setup. On NVidia Jetson Orin, VLM inference was

operated using PyTorch with TensorRT acceleration, en-

abling optimized GPU execution. To deploy VLMs and run

VLM inference on the smartphone, we used the ONNX Run-

time [1] for Android, leveraging its NNAPI backend to en-

able heterogeneous hardware acceleration. This setup auto-

matically switches between GPU and CPU execution based

on workload characteristics, ensuring optimal performance

while maintaining energy efficiency.

Execution scheduling. SpatialMind invokes multiple pre-

trained perceptionmodules, but thesemodules are not loaded

on a per-frame basis. Instead, selected key frames are pro-

cessed in stage-level batches. For example, depth estimation

is executed over the key-frame batch before subsequent fea-

ture extraction and cross-frame matching are done. This

batching avoids repeatedly loading or switching perception

modules for individual frames and reduces execution over-

head. The end-to-end latency reported in Section 7 includes

this model switching and scheduling overhead.

Benchmarks. Our experiments evaluate the spatial cogni-

tion capabilities of SpatialMind, rather than downstream

robot control. We group the benchmark tasks into three cat-

egories: 1) Metric Measurement that encompasses distance,

What is the most likely minimum relative distance between 
the black mesh office chair near a round wooden table?

What is the length of the longest dimension (length, width, 
or height) of the heater, measured in centimeters?

VSI-bench

STI-bench

Figure 12: Data samples in benchmark datasets

object size, and object location to verify the VLM’s spatial

understanding of scale and depth; 2) Perspective-dependent
Reasoning that covers relative direction and object counting

to test the spatial ability to perform mental rotation; and 3)

Spatiotemporal Tracking that identifies the appearance order

of objects in video to assess whether the VLM can main-

tain a persistent memory of object locations. These tasks

are considered as representing the most fundamental spatial

cognition capabilities that are transferrable to real-world

applications [6]. We use two benchmark datasets that cover

these tasks, as described below and shown in Figure 12.

• VSI-Bench [76] contains >5,000 question–answer

(QA) pairs from 288 videos. It includes 8 spatial tasks

and we use 6: absolute distance (A.D.), object size (O.S.),

relative distance (R.Dt.), relative direction (R.Dr.), ob-

ject count (O.C.) and appearance order (Ap.Or.).

• STI-Bench [33] contains 300 videos and >2,000 QA

pairs for spatio-temporal video understanding. It in-

cludes 8 types of spatial tasks and we use two of them

to complement those tasks in VSI-Bench: dimensional

measurements (D.Meas.) and 3D video grounding (Grd.).

Supermarkets Libraries Museums Restaurants Classrooms

Figure 13: Real-world indoor scenes

Real-World Experiments: We also deployed our embodied

AI systems into 5 different types of real-world scenes for

experiments, as shown in Figure 13, where video streams are

recorded by a hand-held camera and fed to on-device VLM

for spatial reasoning. Two spatial tasks are evaluated in these

scenes: Measurements (Meas.) and Perspective Taking (Pers.).

Since these scenes capture the complexity of daily activities,

they introduce challenging variables such as dynamic ob-

ject distributions, varying lighting conditions, and frequent

occlusions. More details of these scenes are in Appendix D.

We evaluate QA task performance as percentage of correct

answer choices. For tasks deciding the absolute distance and

object size, performance is evaluated using theMean Relative

Accuracy. Since SpatialMind is an inference-time technique,
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Method VSI-Bench STI-Bench Real-world

A.D. O.S. R.Dt. R.Dr O.C. Ap.Or. Avg D.Meas. Grd. Avg. Meas. Pers. Avg.

Direct Input 17.3 25.1 25.9 23.2 13.5 20.1 20.2 15.8 17.4 16.2 27.3 27.5 27.4

Video-CoT [17] 21.9 27.7 26.8 25.5 15.8 23.6 19.7 21.5 19.9 20.7 31.8 32.3 32.0

Scene Graph Reconstruction [10] 22.4 26.3 27.1 27.5 21.3 24.7 22.1 23.6 21.4 22.5 28.4 31.1 30.6

APC [29] 24.8 28.4 30.6 28.4 23.0 24.5 25.1 24.1 23.2 23.6 32.7 33.9 33.3

SpatialMind 29.4 36.6 38.9 33.5 28.3 32.2 33.4 30.8 31.8 31.6 45.5 40.1 42.8

Ground Truth spatial memory 30.3 37.7 39.5 34.0 31.7 32.4 34.6 31.3 32.9 32.1 - - -

Table 1: Performance on Oneplus 12R Smartphone with Qwen-2.5-VL-3B. Task acronyms are defined in Section 6.

Method VSI-Bench STI-Bench Real-world

A.D. O.S. R.Dt. R.Dr O.C. Ap.Or. Avg D.Meas. Grd. Avg. Meas. Pers. Avg.

Direct Input 21.2 32.5 32.8 27.7 47.8 32.2 31.0 18.5 24.9 22.8 30.1 31.2 30.7

Video-CoT [17] 23.9 35.7 34.7 29.6 50.5 35.1 33.2 21.1 26.0 24.5 32.5 34.6 33.5

Scene Graph Reconstruction [10] 25.4 37.5 36.4 31.5 56.7 38.5 36.7 25.2 29.1 27.4 35.2 37.3 36.2

APC [29] 25.0 40.8 36.0 30.4 59.1 40.1 40.8 27.1 31.7 29.4 38.8 40.1 39.4

SpatialMind 36.6 51.2 48.2 39.7 81.5 49.3 50.8 35.3 38.9 38.1 51.9 50.7 51.2

Ground Truth spatial memory 37.3 51.6 49.9 40.2 85.6 49.2 52.9 36.8 39.0 38.3 - - -

Table 2: Performance on NVidia Jetson Orin with InternVL3-8B. Task acronyms are defined in Section 6.

we exclude training-based methods [7, 16, 60] but compare

against 5 training-free baselines, as described below:

• Direct input downsamples the video and directly

feeds video frames to VLM for spatial reasoning.

• Video-COT prompting [17] focuses on video under-

standing and selects video frames via optimization.

• Scene graph reconstruction [10]models long videos

with an entity–relation graph, where an LLM tracks

entities and their interactions over time.

• APC (Mental imagery simulation) [29] is a frame-

work where VLMs reason from arbitrary viewpoints,

by converting a 2D image into a coarse 3D abstraction.

In addition, with VSI-Bench and STI-Bench benchmarks,

we also evaluated the VLM performance using ground truth

spatial memory, which is derived from the 3D point clouds

and segmentation masks provided in datasets. Although still

containing large errors due to the use of small on-device

VLMs, this performance is considered as the best among

using all types of spatial information input on embodied AI

devices, and serves as an explicit validation of the spatial

memory generated by SpatialMind; a smaller performance

gap from the ground truth indicates higher accuracy and

fewer errors in our constructed memory.

7 Performance Evaluation
7.1 Spatial Task Performance
We conducted comprehensive evaluations of the performance

of different spatial cognition tasks, over various embodied AI

devices with the corresponding VLMs that can be deployed

on these devices. Results in Tables 1-3 validated that Spa-

tialMind largely enhances the spatial task performance with

different VLMs, embodied AI devices and benchmark set-

tings. In general, SpatialMind outperforms the baselines by

25% across different tasks. When larger VLMs are used in on-

device embodied AI, the spatial task performance would be

generally higher. With larger VLMs (e.g., Qwen3VL-32B-4Bit

on NVidia Jetson Orin), the performance enhancement of

SpatialMind can be up to 40%, especially in certain types of

spatial tasks such as object counting (O.C.), absolute distance

(A.D.) and dimensional measurements (D.Meas.).

Baselines like Video-CoT and Scene Graph Reconstruction

show the minimal improvement. Due to the lack of explicit

3D information, their extended context windows often over-

whelm the model’s reasoning capabilities, hence degrading

performance. On the other hand, although APC incorporates

3D data, it presents it frame-by-frame, but current VLMs

struggle to integrate such fragmented information, hence

resulting in only marginal performance gains. In contrast,

SpatialMind excels by stitching multiview data into a co-

herent global spatial memory, hence driving significant im-

provements in tasks that involve multiple views.

Further, although a small performance gap remains com-

pared to the ground-truth spatial memory, SpatialMind’s su-

perior results validate our core hypothesis: providing VLMs

with an explicit and simplified spatial representation of 3D

space is essential for achieving better performance in spa-

tially aware embodied AI tasks. The remaining error is not

caused by imperfect spatial-memory construction but the

VLM’s limited ability to interpret and reason over an explicit

spatial representation. SpatialMind largely improves spatial

reasoning over existing baselines, but it does not fully solve

spatial cognition for lightweight VLMs.
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Method VSI-Bench STI-Bench Real-world

A.D. O.S. R.Dt. R.Dr O.C. Ap.Or. Avg D.Meas. Grd. Avg. Meas. Pers. Avg.

Direct Input 31.7 56.3 39.7 33.2 54.4 31.1 41.4 22.5 24.2 22.1 32.6 35.3 33.9

Video-CoT [17] 33.1 59.4 42.7 34.9 57.4 34.2 43.5 24.6 27.8 26.1 35.2 37.0 36.1

Scene Graph Reconstruction [10] 35.5 62.5 44.1 36.0 60.2 36.7 45.6 26.7 28.9 27.3 37.2 39.5 38.6

APC [29] 38.7 66.9 48.2 39.4 58.3 35.3 49.1 28.0 27.8 27.9 39.4 40.6 39.9

SpatialMind 53.2 79.3 64.4 51.8 82.3 45.0 67.1 36.4 33.9 34.8 49.2 54.0 52.6

Ground Truth spatial memory 55.2 80.5 65.1 53.6 87.4 45.2 68.3 37.5 34.4 35.9 - - -

Table 3: Performance on NVidia Jetson Orin with Qwen3VL-32B-4bit. Task acronyms are defined in Section 6.
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Figure 14: Compute efficiency on different embodied AI devices

7.2 On-Device Compute Efficiency
Figure 14 presents the compute latency and memory cost

of SpatialMind and baselines, with different VLMs being

deployed on the corresponding embodied AI devices. Spa-

tialMind demonstrates robust feasibility on these resource-

constrained devices, where the most competitive baseline

(i.e., APC) fail on the smartphone (Fig. 14(a)) due to insuf-

ficient memory. On the NVidia Jetson Orin (Figs. 14(b) and

14(c)), SpatialMind also outperforms APC in resource effi-

ciency, reducing memory consumption by 26% and compute

latency by 5%. SpatialMind does incur higher absolute cost

than simpler direct-input and prompting baselines, reflecting

the additional perception and multi-view alignment required

to construct explicit spatial memory. Therefore, our current

implementation targets spatial cognition on the local embod-

ied AI device where privacy, connectivity, or local execution

is important, rather than sub-second or high-frequency con-

trol. Further reducing the absolute compute latency remains

important future system work.

7.3 Performance over Difference Levels of
Scene Complexities

In this section, we analyze how the scene complexity affects

the spatial task performance, using the InternVL3-8B model.

We define the scene complexity along three aspects: (1) object
number measured by the number of objects in the scene, (2)

spatial scale measured by the room size, and (3) temporal
durationmeasured by the length of video clip.We use the VSI-

Bench benchmark which provides segmentation results of

scenes, and compare SpatialMind with the most competitive

baseline (APC) identified in Section 7.1.

Results in Figure 15 reveal that Object Number is the pri-

mary bottleneck for on-device embodied AI tasks, as the task

accuracy drops sharply for all methods in cluttered scenes.

However, SpatialMind still performs better than the base-

lines with 30% less performance drop. Crucially, SpatialMind

shows generalizability to Spatial Scale, outperforming base-

lines in large environments where all the baselines struggle.

This confirms that our spatial memory effectively integrates

fragmented views, preserving spatial relationships in large

space. Temporal Duration had theminimal impact, indicating

that our key frame selection method is effective to retrieve

necessary frames with different video lengths. Moreover, as

shown in Figure 16, the computational cost of SpatialMind

remains stable across different complexity levels.

7.4 Ablation Studies
Different key frame selection strategies. To validate the

effectiveness of our iterative temporal search for key frame

seletion in Section 4, we compare it against two baselines:

(1) processing all frames (at 1 FPS) and (2) uniform sampling,

on NVidia Jetson Orin with Inverl-VL3-8B and Qwen3VL-

32B-4bit using VSI-bench. As shown in Table 4, processing

all frames results in Out-of-Memory; even in simulation,

accuracy degrades due to the excessively long context win-

dow. Conversely, while uniform sampling is computationally

feasible, it suffers from lower accuracy by missing critical,

task-relevant frames. Our iterative approach achieve the op-

timal balance between accuracy and computational cost by

concentrating resources on semantically significant frames.

Efficacy of different visual prompting methods. We

further investigate the impact of different visual prompting
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Figure 15: Spatial task performance with different levels of scene complexities
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Figure 16: Compute efficiency of SpatialMind with different levels of scene complexities

Intern-VL3-8B Task accuracy Compute latency

All frames (1 FPS) 43.2% OOM

Uniform sampling 46.0% 389 s

Ours (Iterative) 58.7% 501 s

Qwen3VL-32B-4bit Task accuracy Compute latency

All frames (1 FPS) 59.5% OOM

Uniform sampling 62.0% 409 s

Ours (Iterative) 73.3% 524 s

Table 4: Ablation study on key frame selectionmethods

methods. Table 5 compares the prompting methods used in

SpatialMind (allocentric spatial memory + Text) against two

alternatives: projecting dense point clouds directly as visual

inputs and using pure text-based coordinate descriptions.

The experiments were conducted using InternVL3-8B and

Qwen3VL-32B-4bit on the Jetson Orin with the VSI-Bench

dataset. The results show that allocentric spatial memory is

the most effective input format. It significantly outperforms

text descriptions which VLMs struggle to interpret spatially,

and dense point clouds which can introduce visual noise. Our

method enhances reasoning accuracy without imposing a

substantial latency overhead compared to simpler baselines.

7.5 Training-based Comparisons
In addition to inference-time baselines, we evaluate whether

task-specific supervised fine-tuning can directly improve

the spatial reasoning of the VLM backbone. We construct

three training-based methods with the same training data

and optimization budget: (1) SFT-RGB, which fine-tunes

the VLM using the original RGB video observations; (2) SFT-
RGB+Depth, which supplements RGB observations with

Intern-VL3-8B Accuracy Latency

Dense Points (BEV) 46.1% 172 s

Text Description 45.2% 169 s

Allocentric spatial memory + text 58.7% 172 s

Qwen3VL-32B-4bit Accuracy Latency

Dense Points (BEV) 61.3% 202 s

Text Description 61.0% 187 s

allocentric spatial memory + text 73.3% 201 s

Table 5: Ablation study on format of visual prompts

estimated depth information; and (3) SFT-SpatialMemory,
which fine-tunes the VLM using allocentric spatial memory

reconstructed by SpatialMind. We fine-tuned InternVL3-8B

with the VSI-Bench benchmark and test the fine-tuned model

with our self-collected videos of real-world scenes.

As shown in Table 6, SFT-SpatialMemory achieves the best

performance and further improves over the training-free

methods. This supports our hypothesis that the main limi-

tation of SpatialMind is not the correctness of constructed

spatial memory, but VLM’s capability to interpret and reason

over it. SFT-RGB provides only a marginal improvement, as

it is difficult for the model to learn spatial perception directly

from raw RGB inputs. SFT-RGB+Depth achieves a larger

improvement, but still underperforms SFT-SpatialMemory,

likely because dense depth maps expose the model to ex-

cessive low-level geometric details rather than the compact

high-level spatial layout provided by SpatialMind.

8 Related Work
Spatial memory and scene representations. Prior embod-

ied systems represent environments using semanticmaps, 3D
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Method Training Accuracy (%)

Base VLM No 30.7

SFT-RGB Yes 33.9

SFT-RGB+Depth Yes 41.7

SFT-SpatialMemory Yes 56.3

Table 6: Comparison with training-based baselines

scene graphs, or hierarchical spatial memories [14, 19, 69, 79].

Many methods organize semantic information, such as what

objects are present and how they are hierarchically related,

but spatial relations still need to be inferred by VLM from

RGB observations or constructed scene representation. In

contrast, SpatialMind explicitly encodes object-level spatial

relationships into a compact representation that is easier for

lightweight on-device VLMs to interpret. Existing methods

also often assume stronger sensing or reconstruction condi-

tions. For example, [47] relies on RGB, depth, and odometry,

while [70] assumes RGB-D input and reconstructs the 3D

environment from all frames before selecting a subset for

subsequent processing. SpatialMind instead targets resource-

constrained devices with RGB-only input.

Efficient video analytics. Prior systems reduce video anal-

ysis cost by avoiding redundant frame processing. NoScope

[27] accelerates video queries using specialized cascades,

and Reducto [32] performs content-aware filtering to re-

duce the volume of video processed by downstream models.

They demonstrate the effectiveness of exploiting temporal

redundancy, but their objective differs from SpatialMind.

SpatialMind handles open-vocabulary spatial queries that

are not fixed in advance, and frame selection must satisfy

two requirements: selected observations should contain task-

relevant objects and retain sufficient visual overlap for cross-

view geometric alignment. Hence, our iterative sampling

strategy is jointly designed with spatial memory construc-

tion rather than serving as a generic frame-dropping method.

9 Discussions
Adaptability to downstream embodied control.While

our evaluations formulate spatial cognition as natural lan-

guage QA tasks, practical on-device embodied AI systems of-

ten require direct integrationwith physical actuation pipelines.

In such practical deployments, task specifications may take

the form of continuous control directives rather than conver-

sational queries, and the VLM’s outputs could be multimodal

(bounding boxes or low-level robotic actuations) instead of

text [80, 93]. SpatialMind easily adapts to these requirements.

By modifying the lightweight VLM’s output decoder, our ex-

plicitly constructed spatial memory can be mapped directly

to structured coordinates or action primitives, allowing the

framework to function as a highly efficient, end-to-end spa-

tial controller without requiring a separate translation layer.

Scalability in large-scale environments. Our current ex-
periments focus on small-scale indoor scenes, but Spatial-

Mind can be adapted to large-scale environments with more

objects and scene variability (e.g., warehouses or hospitals) .

By offloading the spatial memory to local storage and leverag-

ing advanced techniques of Retrieval-Augmented Generation

(RAG) [5, 65, 73] and sparse activation [41, 54], we can fetch

only the strictly task-relevant sub-regions of the map. This

keeps the prompt context size small, ensuring that on-device

VLM can execute complex and long-horizon queries.

Dynamic scenes and active exploration. SpatialMind as-

sumes that scene geometry is static or changes slowly in

the video buffer. This allows observations of the same object

from different viewpoints to be aligned into a consistent allo-

centric spatial memory. Moving objects or substantial object

relocation may violate these cross-frame correspondences

and cause outdated or inconsistent locations in the memory.

Handling such environments would require explicit dynamic-

object tracking and continual spatial-memory updates, which

are outside the scope of this work. Besides, SpatialMind also

performs spatial reasoning only from observations already

contained in the video buffer. If a task-relevant object has

never been observed, the current system does not actively

control the camera or embodied agent to search. Supporting

this setting would require an active exploration policy, which

jointly determines where to move and which new observa-

tions to acquire. We leave such dynamic-object tracking and

active exploration to future work.

10 Conclusion
In this paper, we present SpatialMind, a new zero-shot infer-

ence framework that empowers small on-device VLMs with

spatial cognition capabilities for spatially aware embodied AI

applications. Rather than forcing lightweight VLMs to implic-

itly deduce 3D geometry from raw video pixels, SpatialMind

explicitly convert visual inputs into a unified and sparse al-

locentric spatial memory. With resource-aware key frame

selection and a topology-aware multi-frame alignment, our

system incrementally populates this memory while isolat-

ing spatial drift and adhering to on-device compute budgets.

Evaluations across diverse indoor environments demonstrate

that SpatialMind improves the spatial task accuracy by up

to 40% compared to competitive baselines.
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Figure 17: Frame similarity with different temporal
distances between frames
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A Temporal Locality among Video Frames
Our proposed approach of iterative temporal search for key

frame selection in Section 3.2 builds on the temporal locality

of object appearance among video frames. That is, if a frame

is highly likely to contain an object, other frames that are

temporally close could also have high likelihoods to contain

the same object, due to the continuity of camera movement

in the video.

To experimentally validate such locality, we randomly

sampled 100 videos from the VSI-Bench benchmark that

depict indoor scenes [76], randomly selected 10% frames from

each video as reference frames, and computed the average

histogram similarity [94] between each reference frame and

its subsequent frames at different temporal distances. As

shown in Figure 17, the frame similarity remains high in the

first 2-3 frames, and then rapidly decays to a low level. This

result suggests strong temporal locality within the range of 2-

3 frames, which supports our approach of iterative temporal

search, and is also used in Section 4.1 to decide the width

of the Gaussian kernel to be applied when updating the

sampling distribution over iterations.

B Representing the Spatial Memory to VLM
With the spatial memory, we still need to determine the most

effective representation of the spatial memory as the input

to VLM. Representing the spatial memory directly in struc-

tured text (e.g., JSON) has been proved to perform poorly on

small VLMs [82], since the VLM has to internally translate

numerical values into a visual representation, which is a

shortcoming of most language models nowadays. For exam-

ple, a statement such as “Object A is 2 meters to the north of

Object B, facing east” is immediately apparent in a map, but

would be verbose and less intuitive in JSON. This difficulty

motivates us to instead adopt visual prompting techniques

[30, 37] by plotting the semantic map as an image, as illus-

trated in Figure 18.

C System Parameters in Key Frame
Selection

SpatialMind’s key frame selection involves multiple system

parameters, whose values and design choices are analyzed

and discussed as below.

Utility score threshold (𝛾 ). A frame is selected as a candi-

date key frame when its utility score exceeds a predefined

threshold. This threshold controls the trade-off between re-

call and precision in key frame selection. A lower threshold

increases recall by including more candidate frames, but

may introduce redundant observations. Conversely, a higher

threshold improves precision but increases the risk of miss-

ing frames where task-relevant objects are partially occluded

or detected with low confidence.

Method Threshold Precision Recall 𝐹1

Uniform sampling - 0.29 0.33 0.31

Retrieval-based - 0.61 0.79 0.69

VideoAgent - 0.58 0.66 0.63

Iterative search (ours) 1 0.55 0.78 0.67

Iterative search (ours) 1.5 0.65 0.76 0.70
Iterative search (ours) 2 0.66 0.67 0.66

Table 7: The impact of different values of the utility
score threshold in key frame selection

Table 7 quantifies this trade-off using the LV-HAYSTACK

dataset [81]. Across different threshold settings, our iterative

temporal search approach achieves performance comparable

to retrieval-based methods that score every frame exhaus-

tively, while requiring substantially fewer frame evaluations.

Compared with naive strategies such as uniform sampling

or LLM-driven frame search [67], our method consistently

achieves higher 𝐹1 scores. In practice, a threshold value of 1.5

provides a balanced trade-off between recall and precision.

Number of temporal search iterations (𝐵). Another key
parameter is the number of temporal search iterations, given

a fixed select batch𝑚. Increasing this number allows the sam-

pling distribution to be updated more frequently over more

iterations, improving adaptivity to scene changes. However,

a larger number also introduces higher computational over-

head. Reducing this number lowers the cost of the selection

process but may decrease the overall spatial coverage of the

selected frames.

# of iterations Precision Recall 𝐹1 Sampled Frame (%)

100 0.57 0.66 0.63 10.2

33 0.62 0.71 0.66 25.6

20 0.65 0.76 0.70 26.1

14 0.65 0.72 0.68 30.7

11 0.63 0.70 0.67 37.2

Table 8: Performance of key frame selection with dif-
ferent numbers of iterations in temporal search

As shown in Table 8, a moderate number of 20 iterations

achieves the best balance between frame selection quality

and computational efficiency. Under this configuration, only

approximately one quarter of the video frames need to be

evaluated while maintaining strong precision and recall per-

formance.

D More Samples of Real-World Indoor
Scenes

More sample images of the real-world indoor scenes being

involved in our evaluations are shown in Figure 19. These

scenes exhibit substantial variation in spatial layout, object
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    { "couch.", "x": -1.269, "y": 
        -2.898},
    {"appliance1.", "x": -0.142, "y": 

2.515},
    {"thrashcan", "x": -0.385, "y": 
        1.243},
    {"pillow.", "x": -1.221, "y": 
        -3.055},
    {"dinning table.", "x": 1.191, 
      "y": -1.720},
    … …

Semantic map + TextText only

    { "couch.", "x": -1.269, 
 "y": -2.898},
    {"appliance1.", "x": -0.142, 
 "y": 2.515},
    {"thrashcan", "x": -0.385, 
 "y": 1.243},
    {"pillow.", "x": -1.221, 
 "y": -3.055},
    {"dinning table.", "x": 1.191, 
 "y": -1.720},
 … …    

Dense point cloud
(BEV view)

Figure 18: Different formats of space representation as inputs to VLMs

distribution, lighting conditions, and levels of human activity,

providing rich visual and contextual cues for spatial under-

standing from egocentric video streams. They are also di-

verse in both structure and complexity, ranging from highly

organized spaces such as restaurants to cluttered and dy-

namic environments such as supermarkets and museums. In

addition, classroom and laboratory settings introduce semi-

structured layouts with functional objects and equipment

arranged for specific tasks. This diversity leads to challeng-

ing spatial configurations involving occlusions, long-range

relationships, and viewpoint changes across frames. For each

scene, we manually annotated 40 different spatial questions,

yielding 200 spatial cognition tasks in total.
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Supermarkets

libraries

museums

Restaurants

classrooms

Figure 19: Data samples of real-world indoor scenes we used in evaluations
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