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Fig. 1: Illustration of our proposed Perceptual Taxonomy for structured
scene understanding. (a) A motivating example of human reasoning: when needing
protection, a person hierarchically perceives the scene (scene-level), identifies available
objects (object-level), and infers their properties across multiple dimensions of prop-
erties (flat, rigid), affordances (holdable, portable) to select the most suitable object
(book as shield). (b) An example from PercepTax instantiating our key contribution:
Cross-Property Reasoning, where a model must jointly reason over physical prop-
erties, affordances, and spatial context to identify to perform task, going beyond single
property recognition toward human-like perceptual decision-making.

Abstract. Reasoning about objects in the physical world requires un-
derstanding both the spatial structure of a scene and the properties of
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objects within it. To perform reasoning tasks, a model must identify
candidate objects from the scene and then reason over their properties,
such as material, physical attributes, affordance, and function to satisfy
the task constraints. We formalize this reasoning process as Percep-
tual Taxonomy, a hierarchical framework that organizes visual under-
standing into structured scene—object—property representations. Existing
benchmarks, however, address only parts of this framework: some focus
on spatial understanding alone, while others evaluate individual property
families—material, affordance, or physical attributes—each under a sep-
arate schema. They fail to cover a challenging yet practically important
capability: cross-property reasoning, where a model must simultane-
ously integrate reasoning across all property families to answer questions
about physical environments. To evaluate this capability, we introduce
PercepTax, a benchmark for perceptual taxonomy reasoning. We an-
notate 3,173 object classes with 54 fine-grained attributes across four
property families: material, physical attributes, affordance, and func-
tion. The benchmark contains 5,802 images from both synthetic and
real domains and 28,033 questions spanning object description, single-
property recognition, 3D spatial reasoning, and cross-property reasoning.
Experiments show that state-of-the-art vision language models (VLMs)
perform strongly on object description and single-property tasks, but
accuracy drops substantially on cross-property reasoning that requires
integrating multiple attributes simultaneously. Oracle experiments with
ground-truth objects’ properties with 3D positions and taxonomy-guided
in-context learning both improve performance substantially yet remain
well below human levels, confirming that both visual perception of in-
dividual properties and their cross-property integration are bottlenecks
for VLMs.

1 Introduction

When interacting with the physical world, humans often perform tasks by rea-
soning over both the spatial structure of a scene and the physical properties
of objects. As illustrated in Fig. a), when seeking protection but no shield is
available, a person must first understand the spatial layout of the environment
and identify candidate objects (e.g., monitor, bin, notebook), then infer which
object possesses the properties required for the task, such as flatness, rigidity,
and portability.
We formalize this structured reasoning process as Perceptual Taxonomy.
In this framework, scene understanding is organized hierarchically: a model first
perceives objects and their 3D spatial structure, then infers physically grounded
properties such as material, affordance, and function, and finally integrates these
properties to support reasoning. Prior work in visual cognition confirms that
humans naturally organize scene understanding in this hierarchical, property
compositional manner
[131[15,/50]. However, it remains unclear whether current vision language
models (VLMs) can perform the same reasoning, particularly the final step of
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Fig. 2: Overview and examples of PercepTax. Our benchmark organizes percep-
tual taxonomy problem from scene to object to properties, covering 28,033 questions
across 3,173 objects and 54 properties. As a new task, we introduce the cross-property
Reasoning task (56.7%), which requires jointly reasoning over physical properties, af-
fordances etc., going beyond existing single property tasks.

integrating multiple properties simultaneously. As VLMs have become the lead-
ing systems for multimodal reasoning @, prior benchmarks have
addressed parts of perceptual taxonomy only in isolation. Some work starts a
first step from 3D spatial reasoning , and individual properties such as
material , affordance , and physical attributes |7| separately. However,
they miss the challenging yet practically important task of cross-property
reasoning: simultaneously integrating material, affordance, function, and phys-
ical constraints to answer questions in physical scenes. As shown in Tab. [1] ev-
ery prior benchmark covers at most one property dimension and none supports
cross-property reasoning.

Benchmarking Perceptual Taxonomy reasoning is non-trivial due to two
key limitations: (i) the lack of a carefully designed, large-scale annotation pipeline
that defines a shared set of object properties, such as material, affordance, func-
tionality, and physical attributes, and cluster common object categories to match
with the properties; (ii) the absence of diverse and comprehensive question types
and questions templates that require reasoning over these properties in varied
contexts, an essential reasoning ability that current VLM benchmarks fail to
evaluate.

To address this gap, we introduce PercepTax, a benchmark that evaluates
all levels of perceptual taxonomy within a unified setting: object description,
spatial reasoning, single-property understanding, and cross-property
reasoning (see Fig. [2)). Since no existing resource provides object annotations
that jointly cover all property families, cross-property evaluation requires a new
annotation effort: we curate 3,173 object classes and assign each a complete
property profile across 54 fine-grained attribute clusters spanning four fami-
lies (material, physical attributes, affordance, and function), using foundation
model-driven clustering followed by human verification. The benchmark includes
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Table 1: Comparison of existing benchmarks. Prior work addresses 3D spatial rea-
soning in isolation, and some focus on Single Properties (Material, Affordance,
Function and Physical), but none supports Cross-Property reasoning, the most
challenging task under our proposed human-like Perceptual Taxonomy reasoning frame-
work. PercepTax is the first to jointly cover all four property families with 3D spatial
reasoning in a unified setting.

Benchmarks #QA Synth/Real‘SD Spatial Single-Prop. Cross-Prop.
‘ Mat. Func. Phys.

CLEVR |20 853K Synth

MMBench |28] 3.2K Real

CV-Bench [43] 2.6K Real v

GQA [19] 22M Real v

SEED-Bench-2 |24] 24K Real v

RIO |37 130K Real v

RoboAfford [40] 1.9M Synth+Real v v

Hypo3D |32] 15K Synth v v v

PTR |17] 700K Synth v v

A4Bench [44] 1,282 Real v

PhysBench |7] 10K Real v

PercepTax 28K Synth + Real‘ v v v v v v

5,802 images from two domains: (1) synthetic scenes rendered in Unreal En-
gine 5, which provide precise and complete spatial annotations including 2D
instance masks and 3D bounding boxes, and (2) real images from Openlm-
ages [23|, which introduce natural visual diversity to test generalization. Building
on these annotations, we design questions across four task types at graduated
levels of reasoning: (1)object description questions identify objects from natural-
language property cues, (2)spatial reasoning questions evaluate 3D positional
relationships, (3)single-property matching questions test each property family
independently; and (4)cross-property taxonomy reasoning questions are framed
as goal-oriented tasks (for example, “Which object could serve as a temporary
stepstool?”) that require jointly satisfying constraints across multiple interact-
ing attributes, directly reflecting how physical reasoning arises in practice rather
than the isolated property recognition of prior work. In total, the benchmark
contains 28,033 questions across four task types, including 50 expert-authored
questions targeting the most demanding cross-property cases.

In our experiments, we evaluate both closed-source (e.g., Gemini 2.5 [9],
GPT-5 |35], Claude Sonnet 4.5 [8]) and open-source (e.g., Qwen3-VL [41], In-
ternVL [45], LLaVA-Next [26]) VLMs on PercepTax. Models perform strongly
on object recognition and single-property tasks: Gemini 2.5 and GPT-5 achieve
84.70% and 87.06% on real-image object description. However, accuracy drops
sharply on cross-property reasoning, with GPT-5 reaching only 39.84% on real
images and 29.92% on simulation, a gap of more than 44 points from its object-
level performance. This confirms that current VLMs struggle to integrate mul-
tiple properties jointly into coherent physical understanding.
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To diagnose where failures originate, we conduct two experiments: oracle
experiments that supply ground-truth property labels improve accuracy sub-
stantially by 20.11%, confirming that visual perception of individual properties
is one bottleneck; and taxonomy-guided in-context learning using simulation ex-
emplars improves real-world performance further by 9.56%, confirming that the
reasoning process for integrating multiple attributes is an additional bottleneck.
Both gains leave a significant gap to human performance, indicating that cross-
property reasoning requires advances on both the perceptual and the reasoning
paradigm

Our contributions can be summarized as follows:

1. We formalize perceptual taxonomy and construct a comprehensive property
dictionary, annotating 54 physics-relevant attributes (14 material, 10 affor-
dance, 13 function, 17 physical) across 3,173 object classes.

2. We introduce PercepTax, a benchmark containing 5,802 images (simu-
lated and real) and 28,033 questions spanning object description, spatial
reasoning, single-property recognition, and cross-property taxonomy reason-
ing. To our knowledge, it is the first benchmark to systematically evaluate
cross-property reasoning in VLMs.

3. We benchmark state-of-the-art VLMs and reveal a systematic accuracy drop
on cross-property reasoning compared to single-property tasks. Oracle and
in-context learning experiments confirm that both visual perception of in-
dividual properties and their integration are bottlenecks, motivating future
work on structured physical reasoning.

2 Related Work

2.1 VLM benchmark for scene understanding

Recent advances in large-scale vision and language models (VLMs) have shown
strong generalization across diverse multimodal tasks [12}211/47,49]. Early bench-
marks such as VQA v2.0 [14], CLEVR |20|, and GQA [19] established founda-
tions for compositional reasoning, focusing on object attributes, spatial relations,
and logical consistency. Later datasets including NLVR2 [39], OK-VQA [33],
VCR [51], and A-OKVQA [38] introduced language grounded and commonsense
reasoning challenges. Recent works such as Winoground [42|, PTR [17], and
SuperCLEVR [25] target fine grained compositionality and distribution shifts.
Datasets like ScanQA |[2]| and Spatiald57 [46] expand into 3D spatial reasoning.
Meanwhile, general purpose evaluation suites such as MMBench [28], SEED-
Bench-2 [24], and CV-Bench [43] assess a broad range of multimodal skills. While
these benchmarks advance structured multimodal reasoning, they primarily fo-
cus on semantics or geometry. A systematic framework for evaluating reasoning
over attributes such as material, affordance, and function remains underexplored,
yet it is essential for grounding VLMs in real world understanding.
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2.2 3D Spatial Reasoning

Evaluating spatial relationships between objects in 3D scenes has become a key
capability for scene-understanding and embodied systems. CLEVR [20] probes
spatial relations in controlled synthetic settings; ScanQA |[2] extends spatial QA
to real indoor scenes using 3D point cloud annotations. CV-Bench [43] incorpo-
rates 3D spatial tasks within a broader multimodal evaluation suite, and Spa-
tial457 |46] provides a systematic benchmark for 3D positional reasoning across
diverse viewpoints. RoboAfford [40] couples 3D spatial understanding with af-
fordance reasoning in robotic manipulation contexts.

While these works establish strong foundations for spatial reasoning, they
evaluate object positions and relations in isolation from object properties. Per-
cepTax integrates 3D spatial reasoning with property-level understanding, en-
abling questions that jointly require locating objects in a scene and reasoning
over their physical attributes.

2.3 Object Properties Reasoning

Beyond general scene understanding, several works focus on reasoning over
object properties such as material, affordance, functionality, and physical at-
tributes. ShapeStacks |[16] and Falling Tower |3] examine intuitive physics through
stability prediction in stacking scenarios. PhysGame [4] challenges models to de-
tect physically implausible scenes from gameplay videos, emphasizing material
and broader physical reasoning. PhysBench [7] introduces detailed property an-
notations in real world images, while PhysXNet [5] provides large scale 3D assets
to support VQA on physical properties.

RIO [37] provides large-scale affordance annotations for real-world images.
ManipVQA [18] frames affordance and tool-use understanding as a VQA task,
encouraging models to reason about object manipulation. A4Bench [44] further
explores constitutive and transformative affordances, connecting static and dy-
namic object interaction. Most recently, Hypo3D [32] combines 3D spatial rea-
soning with material and function annotations in synthetic scenes, covering two
property families simultaneously.

While these works provide valuable coverage of individual property families,
each benchmark evaluates properties in isolation: none jointly annotates objects
across multiple families, and none poses questions that require integrating sev-
eral properties simultaneously. This cross-property reasoning, essential for
practical problem-solving, remains systematically untested.

3 PercepTax: A Benchmark for Perceptual Taxonomy
Reasoning

3.1 Perceptual Taxonomy and Property Definition

PercepTax organizes each scene following a three-level hierarchy: scene — 0b-
jects — properties. (1) At scene level, we annotate the scene with a 2D instance
segmentation mask and a 3D oriented bounding box, capturing its position,
depth, and yaw in the camera coordinate frame to support spatial reasoning. (2)
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At the object level, we annotate the object’s name, and language description,
to support object description questions. (3) The critical design decision is at
the property level, to support both single-property and cross-property reason-
ing, we assign every object a complete property profile across all four families
simultaneously, which is the prerequisite for cross-property reasoning;:

— Material: the object’s visual and physical substance (e.g., paper, metal,
wood), which determines its rigidity, weight, texture, and durability.

— Physical properties: intrinsic physical characteristics that govern how the
object behaves under external forces, such as rigidity, fragility, elasticity,
mass, or stability.

— Affordance: the set of actions or interactions the object enables based on
its shape and components (e.g., graspable, supportable, sit-on, containable),
independent of its intended purpose.

— Functionality: the object’s intended or contextual role when invented (e.g.,
seating furniture, storage container, display signage), reflecting how humans
typically use it in practice.

This joint annotation is the prerequisite for cross-property reasoning: a question
such as “ Which object could serve as a temporary stepstool?” requires satisfying
constraints across rigidity (physical properties), load-bearing shape (affordance),
and appropriate height (3D position) simultaneously. No prior benchmark sup-
ports such questions because each annotates objects under a single property
schema, making cross-property constraints unresolvable. Fig. a) shows an ex-
ample of the annotation results in a sample scene, every object receives a com-
plete profile: for example, a poster (paper, smooth, display, signage) and a chair
(wood and metal, stable, sit, furniture). We define a taxonomy covering 14 ma-
terial types, 10 affordances, 13 functionalities, and 17 physical properties, as
illustrated in Fig. b). A total of 3,173 unique objects are annotated with
many-to-many mappings to these properties; full category-to-object mappings
are provided in the Appendix.

3.2 Question Generation

We begin by leveraging the comprehensive annotations described in Section [3.1]
including 2D / 3D spatial cues and per-object material, affordance, function,
physical properties. Building on the engine from previous work [201/46|, we design
48 parameterized templates spanning four core perceptual taxonomy tasks: (1)
object description, (2) spatial reasoning, (3) single-properties understanding, and
(4) cross-property reasoning. We describe each task category below and we list
all the templates in the Appendix.

(1) Object Descriptions questions target the most basic layer of perceptual
taxonomy: matching a natural-language description from an object’s material,
physical properties, affordances, or functional cues to the correct color coded
bounding box. These questions focus on direct property object alignment rather
than multi-step reasoning. For example, “Which object marked by the colored
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Fig. 3: Our PercepTax benchmark is structured by new scene-object-properties an-
notations and question-answer generation. (a) Each scene is annotated with object
detections and their mapped attributes across four domains: material, physical prop-
erties, affordance, and function. (b) Summary statistics for 54 attribute categories and
question distributions across synthetic and real images. (c) Example questions covering
four reasoning types: object description, spatial relation, single property matching, and
cross-property reasoning, together forming a unified framework for perceptual taxon-
omy for scene understanding.

boxes is used for writing with chalk?” requires selecting the chalkboard based
on its functional property, also as the example illustrated in Fig. c).

(2) 3D Spatial Reasoning questions evaluate 3D positional relationships
between objects in the scene. While dedicated spatial reasoning benchmarks al-
ready exist |§|,, we include spatial reasoning in PercepTax
to provide a unified evaluation environment where all levels of perceptual tax-
onomy from object localization to cross-property inference are benchmarked on
the same scenes and objects. Questions involve identifying 3D spatial relations
such as left and right, above and below, and front and behind between objects;
the closer /farther relation is additionally included on the simulation split, where
exact Unreal-Engine 5 3D coordinates provide an unambiguous depth ordering
(see the Supplementary Material for the real-image rationale; all relations are
computed directly from ground-truth 3D object locations in the camera frame
(see Sec. [4] for details). An example question is: “Is the object marked by the
Green box to the left or right of the object marked by the Blue box?” Additional
instances are shown in Fig. [3(c).

(3) Single Property Understanding questions evaluate whether a model
can associate specific physical or functional attributes with the correct object
in the scene. All queried attributes, such as material, rigidity, elasticity, ther-
mal properties, or functional affordances are drawn directly from our properties
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annotations (as in Section . Single property understanding requires models
to go beyond surface visual features and recognize properties that reflect real-
world physical semantics. Correctly answering these questions often requires un-
derstanding that certain attributes (e.g., “rigid,” “conductive,” “container-like,”
“made of slate”) cannot be inferred purely from color or shape, but must be
grounded in how objects behave or are used in the physical world. For example,
in the question “Which object marked by the colored boxes is made of slate?”,
the correct answer is the chalkboard. Such questions therefore test the model’s
ability to distinguish fine-grained, attribute-level differences and ground them
in both visual evidence and physical-world knowledge, rather than superficial

appearance alone.
(4) Cross-Property Taxonomy Reasoning questions represent the high-

est level of perceptual taxonomy and are the primary focus of our benchmark.
Unlike previous categories that involve direct property-object alignment, these
questions require multi-step inference over multiple structured attributes, often
combining affordances, material properties, physical constraints, and functional
compatibility. To answer correctly, a model must perform a filter—eliminate rea-
soning process: identifying the attributes implied by the goal, inferring which
objects possess the necessary physical or functional properties, and ruling out
candidates that fail any of the constraints. This goes beyond appearance recog-
nition and instead demands a grounded understanding of how objects behave
and can be repurposed in the physical world. For example, the question “Which
object could function as a temporary stepstool?” requires recognizing that the
correct choice must be rigid, stable, and provide a flat, load-bearing surface at
an appropriate height—properties only one object in the scene satisfies. Such
questions probe whether models can integrate multiple dimensions of perceptual
taxonomy to reach coherent and physically plausible conclusions.

Unique Candidate Constraint. To prevent trivially answerable questions,
we enforce a unique-candidate constraint: a scene is eligible for a given ques-
tion type only if exactly one bounded object in the scene satisfies all required
attributes. Concretely, for each candidate question we check whether more than
one bounded object passes the attribute filters; if so, the question is discarded.
This constraint ensures that correct answers are unambiguous and cannot be
reached by guessing among visually similar objects.

With these templates, our question engine instantiates questions at scale
across scenes. We apply lightweight LLM-based rephrasing [9] for linguistic vari-
ety, followed by automatic validity checks that ensure each question is grounded,
unambiguous, and has a single correct answer—filtering out objects or scenes
that introduce semantic noise or multiple valid solutions. Brief human verifi-
cation further ensures quality. As a qualitative cross-property stress-test, the
benchmark additionally includes 50 expert-authored questions on real images,
targeting cross-property reasoning patterns that lie beyond the reach of system-
atic templates. This set is intended as a focused qualitative probe rather than a
statistically powered evaluation; our core claims on VLM capabilities rest on the
full 28,033-question benchmark. Full pipeline details and templates are provided
in the Appendix.
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4 Data Curation

Simulation image rendering. We generate our synthetic image set using 33
high-quality Unreal Engine 5 [11] assets, which provide accurate geometry, phys-
ically based materials, and photorealistic lighting. This ensures that all ren-
dered images come with precise and complete scene annotations, including 2D
instance masks, 2D /3D bounding boxes, object poses, and material and physical
attributes. To obtain diverse and semantically rich images, we randomly sam-
ple camera viewpoints from fully constructed scenes to capture realistic layouts
and natural spatial relationships. We further augment scene diversity by modi-
fying environments: all placeable objects are manually curated and randomly ar-
ranged on valid surfaces (e.g., tables, floors) to produce additional compositions
and layouts. These pipelines yield a 4,544 realistic and well-annotated images.
The operational details of rendering, camera sampling, and quality filtering are
provided in Appendix.

Real images collection and annotation. We curate real-world scenes from
the Openlmages [22] training subset. Since these images do not contain scene-
level annotations, we apply several foundation models to detect objects and
extract their spatial information, including 2D bounding boxes, 3D bounding
boxes, and pose estimates [27,36,48|. This allows us to obtain structured scene
representations and generate 1,258 images.

Object description and properties clustering. As shown in Fig. [4] starting
from the curated objects collected from both simulation scenes and real images,
we use Gemini to generate concise textual descriptions covering visual charac-
teristics and taxonomy-relevant attributes such as material, affordance, physical
properties, and functionality. These descriptions are then grouped using unsu-
pervised clustering methods (e.g., HDBSCAN |[34], k-means [31]) to form initial
property clusters. Human annotators review and refine these clusters to ensure
semantic correctness and resolve inconsistencies, producing a reliable taxonomy
that supports our QA generation pipeline. The verified clusters are then used to
instantiate template-based questions grounded in the annotated scenes.

Final human quality verification. We conduct a global human quality veri-
fication stage in which annotators inspect generated QA pairs and remove prob-
lematic cases such as inaccurate bounding boxes, incorrect object identities,
or mismatched attributes with image input. Approximately 31.7% of automati-

Object Collection Object Description QA Generation Final QA check

A 1 K
@ Homonver ‘ ' - a o Hi-qualified data

Fig. 4: Object Annotation Pipeline: Objects are first collected from synthetic and real
scenes, described by foundation models, and clustered by shared material, function,
and affordance attributes with human verification at each stage. Template-based QA
generation then converts verified clusters into question—answer pairs, with 68.3% pass-
ing the final quality check to ensure accurate and semantically grounded annotations.
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cally generated questions were discarded through this process, leaving only high-
quality, visually grounded QA pairs for inclusion in the benchmark.

4.1 Benchmark Statistics

Our benchmark consists of 5,802 images, including 4,544 synthetic images
and 1,258 real images. Across these scenes, we annotated 3,173 distinct ob-
ject classes, each matched many-to-many to 54 attribute labels spanning four
property types: material (14), affordances (10), functions (13), and physical prop-
erties (17). In total, we generate 28,033 template-based open-ended questions
covering the four core reasoning tasks introduced in Section[3:2} The distribution
of question types is shown in the histogram of Fig. b)7 and detailed statistics
across categories and subtypes are provided in Appendix.

5 Experiments

5.1 Baselines

We evaluate our benchmark using a diverse suite of state-of-the-art Vision Lan-
guage Models (VLMSs) using the open-source toolkit [10]. We benchmark both
proprietary and open-source VLMs spanning different architectural families. The
proprietary models include Gemini 2.5 Pro |9], GPT-5 |35|, and Claude Sonnet-
4.5 |8|. For open-source systems, we cover two capacity tiers. At the larger model
size, we evaluate Quen3-VL-32B [41] and InternVL3.5-30B-A3B |45]. At the 7B
to 8B model size, we include Qwen3-VL-8B |41|, InternVL3.5-8B [45], LLaVA-
Next-Llama3 |26|, LLaVA-Next- Vicuna-7B |26|, LLaVA-Next-Interleave-7B [26],
and LLaVA-OneVision-7B |26]. All models are evaluated using explicit, task-
specific instructions. We adopt an open-ended question format where each model
generates free-form answers rather than selecting from predefined options. All
responses are evaluated by a LLM verifier [9] that judges whether the model’s
answer is semantically correct with respect to the ground-truth annotation, en-
abling more naturalistic assessment of reasoning quality.

5.2 Main Results

Tab. |2| reports model accuracy on each reasoning task. We report accuracy
separately on the simulation and real-image subsets to analyze cross-domain
generalization. (1) Cross-Property reasoning is the primary focus and
the hardest task. Almost across all models, cross-property reasoning yields
the lowest accuracy on the real subset, with real-image scores ranging from
9.20% to 53.00%—well below the human upper bound of 92.96%. Even the
strongest model achieves only 53.00%, despite substantially higher object de-
scription scores. The accuracy is even worse on the simulation subset, where the
cross-property result is 55.87% lower than the human upper bound. The re-
sults reveal that perceptual grounding does not transfer to property integration:
models can locate and describe objects but fail to simultaneously satisfy mate-
rial, affordance, and functional constraints. (2) Closed-source models con-
sistently outperform open-source models. Gemini 2.5 Pro leads on real
images (57.38% overall) and simulation images (41.87% overall) and excels
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Table 2: Performance of representative close-source and open-source VLMs on the
Simulation Set and Real Image Set under the open-ended evaluation protocol (re-
sponses judged by a Gemini LLM verifier). Higher is better. S.R. = Spatial Relation;
Obj. Desc. = Object Description; Single-Prop. = Single-Property Understanding;
Cross-Prop. = Cross-Property Reasoning. Human: answers provided by human an-
notators, serving as an upper bound. The highest score among all models for each
question type is marked in red , and the second-highest scores are underlined. The

best performance among open-source models is marked in blue .

Model ‘ Simulation Set ‘ Real Image Set
‘ S.R. Obj. Desc. Single-Prop. Cross-Prop. All ‘ S.R. Obj. Desc. Single-Prop. Cross-Prop. All
Baselines

Human ‘ 94.81 99.26 90.37 94.07 94.63 ‘ 89.70 91.11 88.15 92.96 90.48
Close-source models

Gemini 2.5 Pro |9 60.63 53.81 30.77 38.20 41.87|74.30 84.70 55.29 53.00 57.38

Claude Sonnet 4.5 |8| 46.97 29.24 16.00 21.64 26.2169.38 66.67 43.59 32.95 42.48

GPT-5 |35 54.56 54.24 25.90 29.92 34.82 | 76.23 87.06 A47.77 39.84 48.78
Open-source models

Qwen3-VL-32B [41] 52.89 38.56 25.99 30.30 34.53|72.16 81.18 50.37 41.66 50.08

InternVL3.5-30B-A3B |45 45.20 27.54 16.02 17.61 23.47 | 76.23 72.16 37.06 25.57 37.32

Qwen3-VL-8B 41] 52.97 43.22 24.35 25.83 31.69|73.23 77.65 45.04 39.08 46.54

InternVL3.5-8B |45 45.56 25.42 15.35 15.33 22.09|71.95 7176 38.21 26.77 37.95

LLaVA-OneVision-7B 26| 38.93 19.92 14.13 16.35 20.93|61.67 67.45 35.28 26.50 35.42

LLaVA-Next-Llama3 |26] 41.12 5.51 11.01 17.32 21.22|56.96 31.37 35.73 28.81 34.48

LLaVA-Next-Vicuna-7B |26]| 39.39 1.69 7.25 9.96 15.83 | 55.89 7.45 19.77 9.20 17.91

in single-property understanding and cross-property reasoning. Among open-
source models, Qwen3-V1.-32B achieves the strongest results across almost all
tasks (50.08% overall on real images and 34.53% overall on simulation images).
(3) Object description and spatial reasoning serve as auxiliary compar-
isons bounding the perceptual ceiling. High accuracy on these tasks confirms
that models can localize and describe objects in scenes, yet this competence does
not carry over to cross-property reasoning. The persistent gap between percep-
tual task performance and cross-property reasoning performance demonstrates
that the bottleneck lies in property integration rather than object recognition.

5.3 Cross-Property Reasoning with In-Context Learning

To validate the importance of perceptual taxonomy, we design a hierarchical
reasoning paradigm that guides the model from scene layout to object-level
physical properties before answering. We provide one simulation exemplar with
structured object—property cues for in-context learning (ICL). This taxonomy-
aware prompting yields clear gains on real-image taxonomy reasoning tasks,
demonstrating sim-to-real transfer of structured physical knowledge. We evalu-
ate Gemini 2.5 Pro, GPT-5, Qwen3-VL-8B, and InternVL3.5-8B using visually
disjoint real images to isolate the effect of reasoning.

The results in Tab. [3| report per-category cross-property reasoning accuracy
on the real image set, showing consistent performance gains across both pro-
prietary and open-source models when applying PercepTax in an ICL setting.
Models demonstrate improved recognition of object properties and reasoning
about physical functions in real images, confirming that hierarchical reasoning
learned from simulation can transfer effectively to real-world scenarios.
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Table 3: Sim-to-real improvement via taxonomic in-context learning. Providing one
simulation exemplar with structured object—property cues improves cross-property rea-
soning on real images, especially for instruction-tuned models like Gemini 2.5 Pro and
GPT-5.

‘(Real Image Set) Cross-Property Reasoning

Model
‘Physical Material Function Avg.
Close-source Models
Gemini 2.5 Pro 54.87 37.72 56.61 53.00
Gemini 2.5 Pro (w/ PercepTax ICL)| 55.40 37.98 59.77 54.86
GPT-5 41.23 35.94 36.49 39.84
GPT-5 (w/ PercepTax ICL) 45.10 36.81 41.44 43.60

Open-source Models

InternVL3.5-8B 25.86 18.50 29.89 26.77
InternVL3.5-8B (w/ PercepTax ICL)| 33.85 19.38 30.71 32.89
Qwen3-VL-8B 44.13 26.69 42.24 39.08
Qwen3-VL-8B (w/ PercepTax ICL) | 46.92 25.66 39.60 40.19

Notably, Gemini 2.5 Pro and GPT-5 show the largest overall gains, im-
proving from 53.00% to 54.86% and from 39.84% to 43.60% in average cross-
property reasoning, respectively. These results indicate that large, instruction-
tuned VLMs can effectively follow hierarchical exemplars and apply taxonomic
constraints during inference. Still, Qwen3-VL-8B shows only marginal improve-
ments, suggesting that beyond following the reasoning diagram, accurate visual
perception of 3D structure and object properties remains another bottleneck for
this task.

5.4 Oracle Property Analysis

To disentangle whether model failures arise from property recognition (failing
to identify relevant object attributes) or property integration (failing to reason
across multiple properties once identified), we conduct an oracle experiment.
In the oracle condition (blue highlights in Table , ground-truth property la-
bels—covering material, affordance, physical properties, and functionality—for
all box-bounded objects are appended to the model prompt as structured con-
text, providing perfect property perception. We evaluate the two top-performing
models, Gemini 2.5 Pro and Qwen3-VL-32B, under this oracle setting.

As shown in Tab. [4 oracle injection substantially improves single-property
understanding across both models, confirming that imperfect property recogni-
tion is a partial source of error on that task. However, cross-property reasoning
remains well below the human upper bound even under oracle conditions—the
gap narrows but does not close. This finding has a clear interpretation: while
models sometimes fail to recognize individual properties, the deeper bottleneck
is compositional integration, the ability to simultaneously satisfy constraints
across material, affordance, and functional dimensions when reasoning toward a
physically grounded conclusion. Together with the modest ICL gains in Tab.
these results motivate future work on property-aware architectures and reasoning
paradigms that go beyond surface recognition.
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Table 4: Oracle property analysis. Ground-truth property labels are appended to the
model prompt, isolating property integration capacity from property recogni-
tion failures. To identify which reasoning step fails even under oracle conditions, we
decompose residual oracle-wrong cross-property cases into three modes: SB = Cate-
gory Semantic Bias (model anchors to canonical name/use); CN = Constraint Neglect
(ignores an explicit negative or set constraint); PCG = Physical Commonsense Gap
(lacks real-world material/functional knowledge).

ey T

Model ‘ Split ‘ SP ‘ CP ‘ Error Composition (%)
‘ ‘ Base Oracle ‘ Base Oracle ‘ SB CN PCG
Sim. ‘ 30.77 50.88 ‘ 38.20 43.33 ‘ 37.08  7.69  55.24

Gemini 2.5 Pro

Gemini 2.5 Pro | Real | 55.29 82.05 |53.00 62.56 | 21.55 27.99  49.06
Qwen3-VL-32B | Sim. | 25.99 29.41 | 30.30 33.93 | 43.10 12.72  44.18
Qwen3-VL-32B | Real | 50.37 74.44 | 41.66 47.89 | 21.74  28.56  48.44

TError composition is over residual oracle-wrong cross-property cases only.

To further identify which kind of reasoning breaks down even when property
perception is perfect, we manually categorize the residual oracle-wrong cases
on the cross-property subset into three root causes (Table : Physical Com-
monsense Gap (PCG), where the model lacks real-world material or functional
knowledge (e.g. judging water or heat resistance from a material label alone);
Category Semantic Bias (SB), where the model anchors to an object’s canon-
ical name or use even after the oracle redefines its affordance; and Constraint
Neglect (CN), where the model ignores an explicit negative or set constraint
(e.g. selecting a container for a “non-container” task). PCG is the dominant mode
under both annotation domains (44-55% of residual failures), while SB and CN
shift with domain: on real images CN (~28%) is comparable to SB (~22%),
whereas on simulation SB rises to 37-43% and CN collapses to 8-13%, likely
because synthetic textures weaken the material cues that drive constraint-based
reasoning. These patterns are consistent across both Gemini 2.5 Pro and Qwen3-
VL-32B, indicating that the bottleneck is generic physical reasoning rather than
a model-specific weakness. To further probe whether targeted prompting can
overcome these failure modes, we conduct a 13-variant intervention study on
representative oracle-wrong cases for each root cause; results show that SB and
CN interventions fail universally across both models while PCG is recoverable
with causal or material hints (see the Supplementary Material).

5.5 Qualitative Results

As shown in Fig. [5} models frequently produce fluent yet shallow explanations on
taxonomy-dependent questions. In (a), GPT-5 and Qwen3 base their reasoning
on spatial heuristics (e.g. proximity to the sink) while neglecting material and
structural cues that determine vulnerability to water, leading to plausible but
incorrect answers. In (b), Gemini 2.5 Pro exhibits a similar error, prioritizing
rigidity over material suitability when reasoning about sound insulation. These
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" If water suddenly spills, it will flow across the sink area and counter surface, since that
O W o gl region is_the lowest and closest fo_the_source of the spill. The green-boxed bottle is

boxes will be damaged first? positioned directly beside the sink basin—within the imtmediate splash and runoff zone—so
Answer: The coffee machine. 6pT-5 it will get wet almost instantly...

Based on the analysis of the objects within the colored bounding boxes and their proximity to
potential water sources, the object in the green bounding box would be damaged first.

’v Here is the reasoning:
{ Y o Object Identification: The green box contains a pink bottle, which appears to be a soap or

(@

5 Iotion dispenser. positioned directly on the edge of the sink
Qwend . proximity to Water Source: This bottle is stuated right above the sink basin, making it
the most exposed object to any water spillage from the faucet or the sink itself.
Risk Assessment:

uestion: There are some loud . N
e The best object to use to cover your ears to block loud oises would be the object inside

cover you ears, which object the Bluebox. A tie is made of relatively soft fabric, which would be
would be the best to do s0? completely ineffective at blocking loudnoises..... The best option fo cover your ears from
Answer: The tie. the specific choices is an item from the Blue box, which is the notebook (the solid, black
- Gemini 2.5 pro object in the foreground). You can hold the notebook's solidcover against your ears to
provide the best temporary physical barrier for blocking some sound.

()

+ Think in To cover one's ears from loud noise, a small, soft, and easily handled object is required. The tie
taxonomy: Il m unly obJu:f m"rg the apmlmr that fits this description, as it can be removed and held
sound."

Fig. 5: Qualitative examples illustrating model errors in hierarchical reasoning. (a) In-
stances of hallucinated or inconsistent reasoning on simulated-image benchmark ques-
tions produced by Qwen3 and GPT-5. (b) Examples of Gemini’s reasoning on real-
image benchmark questions before and after in-context learning.

cases reveal a broader trend: models excel at perceptual grounding and spatial
localization but fail to integrate hierarchical object knowledge, often conflat-
ing surface appearance with functional taxonomy. When guided by PercepTax
in-context exemplars, reasoning becomes more structured, explicitly referenc-
ing material softness, size, and affordance, indicating emerging hierarchical un-
derstanding. Overall, the qualitative patterns mirror the quantitative results:
current VLMs exhibit strong perceptual grounding but weak integration of tax-
onomic and material knowledge, limiting their ability to reason about object
properties and usage.

6 Conclusion

We introduce PercepTax, a benchmark for perceptual taxonomy reasoning, and
propose Cross-Properties Reasoning, a new task requiring models to jointly
reason over material, affordance, function, and physical properties to answer
grounded visual questions. Our experiments reveal that current VLMs fall far
short of human performance on this task, and oracle experiments confirm the
bottleneck is structured reasoning rather than visual detection. PercepTax ICL
and 3D spatial knowledge each yield measurable gains, yet a substantial gap
remains. We hope PercepTax catalyzes the development of VLMs that reason
over structured property hierarchies, rather than relying on superficial visual
alignment.
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