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Abstract

How to integrate and verify spatial intelligence in foundation models remains an
open challenge. Current practice often proxies Visual-Spatial Intelligence (VSI)
with purely textual prompts and VQA-style scoring, which obscures geometry,
invites linguistic shortcuts, and weakens attribution to genuinely spatial skills. We
introduce Spatial Intelligence Grid (SIG): a structured, grid-based schema that
explicitly encodes object layouts, inter-object relations, and physically grounded
priors. As a complementary channel to text, SIG provides a faithful, compositional
representation of scene structure for foundation-model reasoning. Building on SIG,
we derive SIG-informed evaluation metrics that quantify a model’s intrinsic VSI,
which separates spatial capability from language priors. In few-shot in-context
learning with state-of-the-art multimodal LLMs (e.g. GPT- and Gemini-family
models), SIG yields consistently larger, more stable, and more comprehensive
gains across all VSI metrics compared to VQA-only representations, indicating its
promise as a data-labeling and training schema for learning VSI. We also release
SIGBench, a benchmark of 1.4K driving frames annotated with ground-truth SIG
labels and human gaze traces, supporting both grid-based machine VSI tasks and
attention-driven, human-like VSI tasks in autonomous-driving scenarios.

1 Introduction

Currently, Visual Question Answering (VQA) is recognized as a natural test of visual-spatial intel-
ligence (VSI), as it requires interpreting images, understanding object relationships, and inferring
context to produce correct answers using text [1–19]. In computer vision, most researchers agree that
VSI involves accurately perceiving, manipulating, and reasoning about visual and spatial information,
such as size, location, and correlations given an input image, using textual description [20]. In a state-
of-the-art study, three VQA questions appear on the first page that illustrate their VSI understanding:

“What is the distance between the keyboard and the TV? How many cabinets are in the room? And
how height the stool is ?" [13] And correct answers indicate effective VSI learning by the model.

However, are VQA tasks ideal for evaluating spatial intelligence? For human beings, it is defined
by Dr. Gardner and Dr. Lohman as “the ability to generate, retain, retrieve, and transform well-
structured visual images" [21]. In computer vision, compared to other well-explored vision problems,
VSI’s core challenge lies in extracting 3D geometric insights from 2D images or videos and then
presenting them textually [13, 22]. VQA inherently interweaves linguistic proficiency with spatial
reasoning. However, even without visual input, humans can form a mental map of their surroundings
by relying on auditory cues, like the way sound reverberates in a space [23]. Some researchers argue
that VQA’s reliance on textual replies may not fully capture the underlying spatial intelligence [24–27].
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They advocate integrating additional physical priors or alternative more spatial-like representations to
re�ect spatial reasoning, like how human beings think.

Figure 1:Examples of Human VSI in Painting. Abraham Bosse, a French artist and theorist illustrates a
systematic, grid-based method for achieving visual-spatial correlations in rendering three-dimensional space
on a two-dimensional canvas (left) [28], and he employed this grid-based visual scheme in portrait painting
(middle) [29, 30]. Procedures of drawing a cast with graphical priors from scratch (right). [31]

Historical art practices offer an inspiring perspective: a grid-canvas is very helpful for humans to
perceive the spatial priors. During the Renaissance, artists like Albrecht Dürer, Leonardo da Vinci
and Vincent van Gogh famously used grid-based “drawing machines,” as often depicted in historical
artworks [32–36]. By imposing visual observations onto structured grids (see Fig. 1), artists could
systematically decompose a 3D scene into spatial regions, then record or interpret its geometry and
graphical correlations. As illustrated in Fig. 1 middle, portrait painters often proceeded from these
organized graphical representations to �nely detailed textual descriptions, mirroring how human VSI
naturally moves from a structured visual framework to richer linguistic content. Consequently, once
trained to perceive spatial relationships accurately for painters, the speci�c subject matter becomes
less signi�cant: any subject, regardless of its nature, is ultimately perceived as a unique combination
of graphs (nodes, shapes, edges, and color notes) on these grids. Collectively, these visual graphs
de�ne the appearance of objects such as a cast, a �ower, or a human head [37].

Can graphical priors on a grid-based canvas be used as machine representations of VSI?Like
a painter's trained eye, machines with grid or graph-based abstractions gain a structured view that
captures spatial relationships and hierarchies. This simpli�es scene decomposition and supports
richer interpretation and language grounding. From our perspective, an ideal VSI representation is
a combination of a structured conceptual model of a scene that encodes geometric and topological
relationships, typically through grid- or graph-formatting priors. In this framework, visual elements
(e.g. shapes, edges, etc.) are mapped onto discrete spatial partitions and connected to capture both
local and global information. By systematically organizing visual data into these relational structures,
such an ideal VSI representation supports robust reasoning, ef�cient spatial manipulation, and a
natural pathway from pure visual analysis to higher-level semantic or linguistic descriptions.

Building upon these insights, we propose a novel VSI representation format, calledspatial intelligence
grid (SIG), and then conduct foundational testing on existing Multimodal Large Language Models
(MLLMs) in one of the most critical VSI application tasks: autonomous driving (AD) [38–42]. AD
demands real-time perception, precise modeling of multiple dynamic objects, and a high level of
situational awareness in diverse environments. The ability to ef�ciently attend to elements locations,
correlations and movements in the driving scene, such as other vehicles, pedestrians and road signs
is essential for safe and effective operation. Given the complexity, �exibility, high stakes, and
the potential impacts, AD serves as an ideal stress test for evaluating and re�ning SIG-based VSI
frameworks. To facilitate this, we introduce a novel benchmark,SIGBench, and systematically
investigate three fundamental tasks:1) SIG-based VSI Evaluation of MLLMs and Metrics:Evaluate
whether existing MLLMs can answer spatial queries based on SIG representations, and propose novel
evaluation metrics for SIG based on graph similarity theory;2) SIG-Empowered In-Context Learning
(ICL) for VQA: Investigate how SIG-informed VSI features enhance spatial intelligence in VQA
tasks through few-shot ICL, and3) Human v.s. Machine VSI Attention based on SIG:Examine how
human VSI attention differs from machine-based approaches within SIG, and explore methods to
achieve more human-like SIG in order to improve human–machine interactions. In this research, our
contribution can be summarized as follows:
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Figure 2:Overview of Human-like SIG in AD Scenario. In the left, we use SIG to represent the spatial relation
of traf�c sign, traf�c lights, vehicles and self (ego-vehicle) in the image. We apply homographic transformation
to convert human gaze attention from image to SIG size in the right. Combining them, we get human-like SIG,
which can then be extracted to human-like SRG and SRP in middle part. The order denotes the rank of an object
of the same category in the image from left to right (e.g. black truck 1 is the left-most object among vehicles).

• We introduce SIG, a novel grid-based representation for VSI in AD scenario that integrates
physical priors and human-like attention cues, together with a suite of structured evaluation
metrics for precise spatial reasoning assessment.

• We demonstrate SIG's ef�cacy as a data schema for enhancing VSI through few-shot ICL on
MLLMs. Compared to ICL using VQA-style representation, SIG-based ICL yields larger,
more stable and more comprehensive improvements of model's VSI.

• We releaseSIGBench, a benchmark containing 1.4K frames annotated with ground-truth
SIG and human gaze attention map, enabling evaluation of both grid-based machine VSI
and human-like attention-driven VSI with grid under our proposed evaluation metrics.

2 Related Work

General VSI in MLLMs. MLLMs have demonstrated promising performance across a variety
of visual tasks such as object detection, segmentation, and image captioning by virtue of their
uni�ed vision–language representations and strong reasoning capabilities [43–49]. Building on these
strengths, recent work has extended MLLMs to tackle visual–spatial reasoning queries such aswhich
object is at the left-most position in this image, through architectural adaptations and �ne-tuning
strategies designed to emphasize spatial relations [19, 50–56]. To provide accurate and in-depth
evaluation of a model's general VSI, several comprehensive visual-task benchmarks incorporate
dedicated visual-spatial reasoning sections [1–8], while others focus exclusively on assessing visual-
spatial reasoning ability over images [9–12, 16–18] or videos [13–15] in VQA-style. Although
these benchmarks yield clear right–wrong scores, they often con�ate failures of visual grounding
(e.g. object detection errors) with genuine visual-spatial reasoning mistakes, particularly in scenes
containing many similar entities (e.g. multiple vehicles with different brands, colors and shapes).

VSI with Scenario-based Physical Constraints.In real-world applications such as robotics [62–64],
AR/VR [65–67] and AD [68–70], the implementation of VSI must respect domain-speci�c physical,
environmental and regulatory constraints. For AD in particular, models must not only interpret
scene geometry but also adhere to traf�c rules and kinematic feasibility across perception [71–76],
planning [68, 77–80], and control modules [81–85]. A suite of VQA-style benchmarks has emerged
to evaluate visual-spatial reasoning under these constraints [58–61, 86, 87], leveraging large-scale
open-source AD datasets [88–92], shown in Tab. 1. However, by framing questions solely as text-
image queries, these benchmarks may overlook the rich spatial structure exposed by bird's-eye-view
(BEV) representation that are widely used in AD perception and planning pipelines.
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Table 1:Comparison between existing VSI and AD benchmarks.Comp. is comprehensive. MC and AM
means multiple-choice and attention map, respectively. Size means the total number of words in each dataset.
Ann. and Rep. means annotate and repurpose (the dataset is compiled from prior datasets), respectively. S.R.R.
means spatial relation representation. Text and Graph means whether the calculation of evaluation metrics
is based on text (e.g. MC, sentence) or graph comparison. H-L means human-like and Auto means there are
prede�ned metrics and can evaluate the answer automatically.

Type Benchmark Benchmark Overview Evaluation Metrics

Size Source #Tasks Answer S.R.R.Text Graph H-L A/G Eval.

Comp.

SEED [1] 1.682M Ann. 12 MC Text 3 7 7 Auto
MMBench [3] 0.096M Rep. 20 MC Text 3 7 7 GPT
MM-Vet [5] 0.003M Rep. - MC Text 3 7 7 GPT
MMMU [6] 0.324M Ann. 30 MC/Open Text 3 7 7 Auto

VSI
Only

VSR [9] 0.094M Rep. 1 T/F Text 3 7 7 Auto
GQA [57] 24.42M Rep. 1 Open Text 3 7 7 Auto
SRBench [10] 0.068M Rep. 4 MC Text 3 7 7 Auto

Comp.
AD

NuScenes-QA [58] 6.592M Rep. 5 Open Text 3 7 7 Auto
NuScenes-MQA [59] 43.43M Rep. 4 Open Text 3 7 7 Auto
NuPlanQA [60] 16.89M Rep. 9 Open Text 3 7 7 Auto

VSI
AD

NuScenes-SpatialQA [61] 78.75M Rep. 2 MC/Open Text 3 7 7 Auto
SIGBench 71.35M Ann. 5 MC/SIG/AM SIG 3 3 3 Auto

Human-Like VSI. Human scene understanding is guided by both overt gaze patterns (where we look)
and covert cognitive maps (how we represent spatial relations). Gaze or saliency prediction models,
which estimate pixel-level attention maps, have provided deep insights into visual prioritization in
generic images [93–97] and driving scenarios [98–101]. Complementing this, the notion of a cognitive
map captures the internal spatial layout that humans use to reason about object relations [102]
and has recently been integrated into MLLM frameworks for video understanding [13]. In our
approach, we leverage an human-like SIG to emulate both gaze-driven saliency and structured spatial
representations, thereby enabling a human-like evaluation of visual-spatial reasoning, particularly
within complex AD environments.

3 Methods

3.1 Grid-based Visual-Spatial Intelligence

We introduce SIG, a grid-based representation format for VSI, as illustrating in Fig. 2. In AD
scenarios, roadways will be a physical constraints and the primary entities we focus on are the
ego-vehicle and other traf�c nodes, scuh as vehicles, traf�c signs, signal lights and traf�c lanes.
Based on SIG, we can extract a directed spatial relation graph (SRG) that describes the spatial relation
(direction+distance in grid) of each object and spatial relation paragraph (SRP) that describes spatial
relation of each object within a text manner. To quantitatively assess a model's VSI, we propose
three novel evaluation metrics: multi-level spatial matching (MLSM), spatial relation graph similarity
(SRGS) and semantic relational distance (SRD). MLSM compares object positions directly within
the SIG representation, capturing absolute localization accuracy. SRGS measures both node-wise
and edge-wise correspondence between predicted and ground-truth (GT) SRG, emphasizing relation
classi�cation and structure. SRD computes a semantic relational distance between predicted and
GT prepositions in SRP, evaluating the �delity of both directional and proximal relations. To isolate
core spatial reasoning, our evaluation focuses exclusively on ego-vehicle (self), other vehicles, traf�c
lights, and traf�c signs, omitting traf�c lanes from the quantitative metrics because many scenes have
unreliable lane cues such as faded or blurred markings and no markings at intersection or rural roads
(we provide evaluation metrics including traf�c lanes for an additional subset with clear traf�c lanes).
Before evaluating predicted SIG using GT SIG, we will �rstly align the position of self in predicted
SIG to which in GT SIG. Next, we apply the same offset for all other objects in predicted SIG.

Multi-level Spatial Matching. To evaluate SIG-based spatial representations independently of
visual-grounding noise, we introduce a multi-threshold graph matching protocol inspired by tracking
metrics such as MOTA [103] and HOTA [104]. MLSM �rst performs bipartite matching between
predicted and GT objects (vehicles, traf�c signs, traf�c lights) using a cost functioncv for vehicles
andcsl for traf�c signs and traf�c lights, which can be calculated by

cv = d � ! c � ! o � ! t ; csl = d � ! o (1)
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Figure 3:Illustration Examples of MLSM and SRGS. At the start of both MLSM and SRGS, it will match
the objects between the predicted and GT SIG using bipartite matching. For MLSM, we provide example for
calculating TP, FP and FN for vehicles in the boxed area in upper part. For SRGS, we highlight the node and
edge needed for insertion and substitution and their total edit distance in lower part.

where! c; ! o; ! t means the weight for color, order and type matching, respectively. Hered is the
euclidean distance between objects' position on SIG, and each weight! c; ! o; ! t equals one when the
attribute is unmatched and drops below one when it matches, thus granting larger spatial tolerances
for objects that are matched in type, order, and/or color.

After matching, true positives (TP) are object pairs whose grid position lie within a distance threshold
� and object attributes are aligned. False negatives (FN) are GT objects with no predicted match;
false positives (FP) are predicted objects with no GT match. We evaluate three hierarchical matching
levels for vehicles: (1) same type, (2) same type + order, (3) same type + order + color, and one level
for signs and lights (same order), respectively. Over a set ofn thresholds� 2 [1; : : : ; n], we compute
precisionP� , recallR� , F1-scoreF1� and association accuracyAssA� and normalize them to get
overallP; R; F1 andAssA, as showing in Fig. 3. Detailed calculation are shown in Appendix A.1.

Let n denote the total number of objects (n is used similarly in the following complexity analysis).
For MLSM, constructing the cost matrix for vehicles, traf�c signs, and traf�c lights has complexity
O(n2), bipartite matching requiresO(n3) [105], and multi-threshold matching takesO(n). Thus,
the overall complexity of MLSM isTMLSM(n) = O(n2) + O(n3) + O(n) ) O(n3).

Spatial Relation Graph Similarity. Different from MLSM, SRGS evaluates the correspondence of
individual relations (edges) between a predicted SRG and its GT counterpart. We quantify this through
the computation of the graph edit distance (GED) [106] which measures the number of operations
needed to edit the predicted SRG to GT. Let's denote directed SRG asG = ( V; E). V = f vi gn

i =1
denotes the set of alln nodes, wherevi represents an instance (e.g. ego-vehicle, other vehicles, traf�c
signs, traf�c lights).E � V �V denotes set of edges, where directed edgeeij = ( vi ; vj ) 2 E encodes
spatial relation (direction + distance in SIG) fromvi to vj .

We further calculate the SRGS from two perspectives: node edit distance and edge edit distance. The
computation is based on bipartite matching between nodes in the GT and predicted SRG. LetM be
the set of all matched pairs(vi ; v̂i 0), wherevi 2 V is a GT node and̂vi 0 2 V̂ is its corresponding
predicted node, as determined by the bipartite matching algorithm. The node edit distance considers
three types of costs:1) Substitution cost� sub (vi ; v̂i 0): the cost of modifying a predicted nodev̂i 0

to match a GT nodevi with different position or attributes;2) Deletion cost� del (v̂i 0): the cost
of removing an unmatched predicted nodev̂i 0; 3) Insertion cost� ins (vj ): the cost of adding an
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unmatched GT nodevj . The total node edit distance between the GT graphG(with node setV) and
the predicted grapĥG(with node set̂V) can then be denoted as

DN (G; Ĝ) =
X

(v i ;v̂ i 0)2 M

� sub (vi ; v̂i 0) +
X

v i 2V

� del (vi ) +
X

v̂ j 2 V̂

� ins (v̂j ) (2)

Detailed computations of each cost function are provided in Appendix A.2. Similarly, we de�ne the
edge edit distanceDE (G; Ĝ) with the edge substitution cost� E

sub (ei ; êi 0), edge deletion cost� E
del (êi 0),

and edge insertion cost� E
ins (ej ). CombiningDN andDE , we can calculate weighted total graph edit

distanceD total and weighted graph similarity scoreS by

D total = 
 D N (G; Ĝ) + � D E (G; Ĝ); S = max
�

0; 1 �
D total

Dmax

�
2 [0; 1] (3)

where
; � are weights andDmax denotes worst-case distance (all nodes and edges unmatched).

For SRGS, constructing the fully connected graph requiresO(n) for all nodes andO(n2) for all
edges. Bipartite matching again requiresO(n3), and GED, involving node-to-node and edge-to-
edge comparisons, takesO(n) + O(n2). Therefore, the overall complexity of SRGS isTSRGS =
2(O(n) + O(n2)) + O(n3) ) O(n3).

Figure 4: Directional Relation
Circle. The semantic relational
distance between any two prepo-
sitions is the smallest step count
around the circle (e.g. between “at
the back left of” and “at the front
of” is 3 instead of 5).

Semantic Relational Distance.To quantify the �delity of directional
and proximal preposition predictions in SRP, we assign each preposi-
tion a position on a discrete scale and measure the minimal cyclic or
linear separation from GT. Directional relations are arranged cycli-
cally, illustrated as Fig. 4. Proximal relations are ordered linearly
from closest to furthest: adjacent to, close to, at a distance from, far
from, far away from. Here the semantic relational distance between
“adjacent to” and “far from” is 3. We compute MAE and MSE based
on semantic relational distance and accuracy. Detailed equations are
shown in Appendix A.3. For SRD, we compute pointwise distances.
With 8 directional and 5 proximal relations, the time complexity is
TSRD = O(8n) + O(5n) ) O(n).

3.2 SIG-based In-context Learning for VSI

While existing methods focus on improving MLLM's VSI based
on depth, detection bounding box (bbox) and segmentation mask
and convert them into textual representation such as QA for learn-
ing [50–52], we investigate SIG's potential as direct representation
for improving VSI using ICL. Let's denote a datasetD = f (x i ; yi )gN

i =1 containingN image-SIG
pairs. The ICL process for outputting answeryq of queryxq can be formulated as

yq = FM (xq; P) (4)

whereFM is the MLLM and example promptP = concat(x1; y1; : : : ; xk ; yk ). In our settings, we
randomly selectk image-SIG pairs wherex i contains image with annotated bboxes of vehicles and a
task description prompt, andyi contains the GT SIG (content of a JSON �le,e.g. vehicles:{black
truck 1:[5,3]}; traffic_signs:{sign 1:[3,5]}... ) and SRP derived from GT SIG. Our
main insight is to let the MLLM learn the corresponding spatial relation between object position in
image and SIG and we demonstrate SIG's strong generalization ability with experiments in Sec. 4.3.

3.3 Human-Like VSI with Grid

In AD scenario, human decision-making is guided by selective attention: drivers focus on a subset
of objects rather than all of them in the scene. We incorporate this human-like bias by integrating
gaze or saliency predictions [93, 98] into SIG. Letpi = ( ui ; vi ; 1)> denote an image pixel and
wi = ( X i ; Yi ; 1)> denote corresponding grid cell on SIG. We can calculate the the homographic
matrix H = [ hij ] 2 R3� 3 by solving the equations ofX i andYi as

X i =
h11ui + h12vi + h13

h31ui + h32vi + h33
; Yi =

h21ui + h22vi + h23

h31ui + h32vi + h33
(5)
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