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Fig. 1: DORI organizes object orientation evaluation into four diagnostic dimensions:
(1) object’s directional alignment, (2) its orientation relative to viewers, scenes,
and other objects, (3) required rotational transformation for different objectives,
and (4) its natural/canonical orientation in the world. Each dimension evaluates a
targeted aspect of object orientation reasoning across diverse visual settings.

Abstract. Humans develop object orientation understanding progres-
sively, from recognizing which way an object faces, to mentally rotating
it, to reasoning about how multiple objects are oriented relative to each
other. Yet current vision-language benchmarks treat orientation as an af-
terthought, conflating it with positional relationships and general scene
understanding. We introduce Discriminative Orientation Reasoning
Intelligence (DORI), a cognition-informed hierarchical benchmark that
establishes object orientation as the primary evaluation target. Specifi-
cally, DORI decomposes orientation into four dimensions, each assessed
at both coarse (categorical) and granular (metric) levels. This results
in 33,656 multiple-choice questions over diverse open-vocabulary objects
within 13,652 real-world and synthetic images taken from 14 sources.
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DORI’s coarse-to-granular design isolates orientation from confounds
such as object recognition difficulty, scene clutter, and linguistic am-
biguity through bounding-box isolation, standardized spatial reference
frames, and structured prompts. Our evaluation of 26 state-of-the-art
vision-language models reveals a consistent pattern: models competent
on general spatial benchmarks remain near-random on object-centric ori-
entation tasks. Even the best models achieve only 64.2% on coarse and
42.9% on granular judgments, with the largest drops on compound ro-
tations and inter-object reference frame shifts. Large coarse-to-granular
gaps further expose that models rely on categorical heuristics rather than
geometric reasoning, a limitation invisible to existing benchmarks. These
findings establish orientation understanding as an unsolved challenge in
multimodal systems, with direct implications for robotic manipulation,
3D scene reconstruction, and human-AI interaction. Find the dataset
here: https://huggingface.co/datasets/appledora/DORI-Benchmark

1 Introduction

Object orientation understanding demands complex, multi-stage processing of
intrinsic object features, viewer perspective, angular relationships, and reference
frame transformations [12,46,54,101]. Humans master this fundamental aspect of
visual cognition [3,17] through various inherent sensory-motor experiences, pro-
prioceptive integration, and neural formation [96]. In the human cognitive sys-
tem, these mechanisms develop progressively from basic frontal orientation recog-
nition to complex rotational transformations [74, 97, 99]. This equips us with a
crucial aptitude for real-world visual tasks that require precise spatial interaction
with the environment, such as tool manipulation and navigation. This capabil-
ity also underpins real-world tasks such as robotic grasping [14,18], autonomous
navigation [35, 50], and augmented reality object alignment [77, 81, 105]. Multi-
modal large language models (MLLMs) [7, 95, 103] are currently attractive for
many of these applications, as they perform well on various spatial reasoning
tasks [36,43,65,77,81,109]. Yet, existing benchmarks reveal consistent failures in
orientation tasks [13,15,58,59,71,93] while overlooking key limitations: narrow fo-
cus on simple directions [110], synthetic-only data [108], ambiguous prompts [76],
egocentric bias [53], or small scales [33]. These limitations lead to an incomplete
assessment of a model’s orientation reasoning abilities, potentially failing to iden-
tify critical weaknesses in real-world scenarios and mask true geometric reasoning
deficits, favoring memorized shortcuts over human-like cognition.

As summarized in Fig. 1, we address these shortcomings by introducing
Discriminative Orientation Reasoning Intelligence (DORI), a multifaceted
benchmark to evaluate object orientation understanding in multimodal language
models. Tab. 1 shows how we draw on developmental literature to motivate a
principled decomposition of orientation understanding into four dimensions of
increasing complexity: (1) frontal alignment perception, (2) rotational trans-
formations, (3) ego and allocentric relative orientation understanding, and (4)
natural or canonical orientation of objects. Our benchmark further employs a

https://huggingface.co/datasets/appledora/DORI-Benchmark
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Table 1: Four diagnostic dimensions in DORI, motivated by prior work on human
visuospatial cognition. The cited literature provides task-level motivation for evaluating
orientation across perception, transformation, reference-frame reasoning, and canonical
pose understanding.

Dimension Motivating Pro-
cess

Description Relevant Human Cog. Dev. Studies

(1) Frontal
Alignment

Basic Perception Identifying a front-facing
surface’s orientation rel-
ative to the viewer.

Early visual cortex [5, 9] supports viewpoint-
invariant frontal recognition via pathways distinct
from angular estimation [46,56].

(2) Rota-
tional Trans-
formation

Mental rotation and
spatial transforma-
tion.

Simulating orientation
changes through single-
or multi-axis rotation.

Overlapping premotor and parietal circuits acti-
vate during physical and imagined rotation [25,78,
113], with load scaling with transformation com-
plexity [21,30,61,91].

(3) Relative
Orientation

Multi-object frame-
of-reference integra-
tion.

Inter-object and viewer-
relative orientation rea-
soning.

Hippocampal-parietal circuits [42, 55, 72, 80, 125]
support cross-viewpoint orientation tracking es-
sential for scene comprehension.

(4) Canonical
Orientation

Semantic, physics-
grounded orientation
knowledge.

Detecting deviations
from expected poses
and inferring corrective
transformations.

Ventral stream and prefrontal regions [40, 85] en-
code intuitive physics [6, 46, 75], constrained by
gravity, feature positioning, and ecological valid-
ity [10,31,45].

two-tiered assessment framework to provide a more holistic understanding of
MLLM performance: coarse-grained questions to evaluate basic categorical
understanding (e.g ., “is the car facing toward or away from the camera?") and
fine-grained questions to probe precise metric relationships (e.g ., “at what an-
gle is the car oriented relative to the camera?”). DORI leverages 13652 images
from 14 diverse sources to generate 33,656 multiple-choice questions, combining
real-world images (37%) with simulated renders (63%) to ensure we have a large
dataset with varying levels of visual complexity.

We generate clear, unambiguous prompt-answer pairs through a rigorous
three-step process: (1) isolating objects with bounding boxes to tackle cluttered
scenes, (2) employing standardized orientation terminology (e.g ., “frontal align-
ment”) with explicit spatial frames of reference (e.g ., egocentric, allocentric, and
object-centric), examples, and task descriptions, and (3) ensuring difficulty pro-
gression from simple categorical judgments to precise angular measurements
across all orientation dimensions. This systematic approach isolates orientation
from scene perception skills, minimizes confounding factors such as object recog-
nition difficulty, scene clutter, linguistic ambiguity, and contextual distractions
that plague existing benchmarks [13,16,60]. Our extensive experiments with 26
state-of-the-art MLLMs on DORI reveal several key findings:

– Models struggle most with tasks requiring spatial transformation and per-
spective shifts: performance drops by 30% on dynamic rotational tasks rel-
ative to static pose identification, and by 25% on allocentric tasks requiring
non-egocentric viewpoint adaptation (e.g ., determining if two objects face
each other from their own frames of reference).
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Table 2: Comparison with standard benchmarks for orientation-reasoning.
Asterisks (*) indicate counts refer only to orientation-related tasks, not the full dataset.
DORI is larger and/or more diverse than similar datasets. C = Coarse, G = Granular;
View: A = Allocentric, E = Egocentric; Ω = Open-vocabulary

Dataset Obj. Granul. View #Sources N-Imgs S-Imgs VQA

Spatial-MM [86] 342 C AE 1 537 – 0.6K
ScanQA [4] 20 C A 1 800 – 7.4*K
BLINK [34] 71* C AE 2 552* – 0.5*K
KiVA [123] 62* G A 2* – 400* 0.6*K
EgoOrientBench [53] 197 C E 5 6K 2.3K 33.4K
EmbSpatial-Bench [27] 294 C E 3 1.5K* 683* 2.4*K
CLEVR-3D [115] 160 C A 2 1.0K – 2.3*K
3DSRBench [73] Ω C A 1* 2.0K* – 2.7*K
PO3D-VQA [106] 5 C A 1 – ∼30K 300*K
Mind the Gap [89] 197 C E 2* ∼280* ∼520* 1.2*K
Spatial457 [107] 5 C A 1 – 992* 4.5*K
VSI-Bench [119] 47 C A 3 288 – 5K
OmniSpatial [51] Ω C AE 9 8.4K – 8.4K
VLM4D [128] Ω C AE 4 600 400 1.8K
MMSI-Bench [120] Ω C AE 8 1.9K – 1K

DORI (Ours) Ω CG AE 14 5K 9K 33.6K

– Architectural design and prompt tuning matter more than scale: token-based
integration (e.g ., Mantis-Idfs-8B [52]) consistently outperforms linear projec-
tion, and smaller instruction-tuned models (e.g ., DeepSeek-1.3B-Chat [7])
often surpass larger base counterparts (e.g ., DeepSeek-7B-Base [7]).

– LoRA finetuning on DORI generalizes broadly, boosting performance by up
to 27% on standard spatial reasoning benchmarks including BLINK [34],
SAT [84], and 3DSRBench [89].

2 Related Work

Understanding where an object is pointing, how it has rotated, or whether it
sits in its expected pose are deceptively simple questions, yet MLLMs consis-
tently struggle with them [13, 15, 93]. Tab. 2 contextualizes DORI against prior
spatial and orientation-related benchmarks. Existing datasets have made im-
portant progress in broader visual reasoning, but orientation is often treated
as a secondary subset rather than the primary evaluation target. For example,
BLINK [34], Spatial-MM [86], and EmbSpatial-Bench [27] include orientation-
related questions, but primarily emphasize coarse directional judgments and
do not systematically probe rotational transformation, allocentric reasoning, or
canonical pose understanding.

Tab. 2 also highlights limitations in scale, granularity, and visual diversity.
Most prior benchmarks support only coarse or categorical questions, making it
difficult to distinguish failures in basic facing-direction perception from failures
in precise angular reasoning. Synthetic datasets such as PO3D-VQA [106] and
KiVA [123] provide precise ground truth but contain limited or no natural im-
ages, while EgoOrientBench [53] is restricted to egocentric frames and discrete
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1. TASK: “Determine which way Object A's front is facing
relative to the camera.”

2. CONTEXT: “An object is considered 'front facing' when its
inherent structural features are visible from the camera.”

3. INSTRUCTIONS: "1. Identify Object A and its key structural
features 2. Determine the orientation of its front surface
relative to the camera..."

4. MULTIPLE-CHOICE OPTIONS:  "A. Facing toward the
camera B. Facing away from the camera C. Facing L...."

5. EXAMPLES:  "A person whose body is directed towards the
camera would be 'facing toward the camera'

Expected Response Format
“answer”: “A”, (Facing towards the
camera)
“reasoning”: "Object A appears to be
a person whose face and front of the
body are clearlyvisible in the
image. The person's eyes arelooking
toward the camera, indicating
thatObject A is facing toward the
camera."

Expected Response Format
“answer”: “D”, (Cannot be
determined)
“reasoning”: "Object A appears to be
an upright glass, with no
discernible front/back and
left/right distinction. For a
symmetric object like this, the
frontality is ambiguous, and so the
object A’s frontality cannot be
determined."

Fig. 2: Structured prompt design and example question–answer pairs from DORI. Each
query follows a consistent format comprising a task description, contextual definition,
step-by-step instructions, multiple-choice options, and illustrative examples, enabling
systematic evaluation of orientation perception. All questions include the option “Can-
not be determined,” maintaining a uniform answer space while explicitly modeling cases
of frontality ambiguity or insufficient visual evidence.

orientation classes. Other benchmarks such as EmbSpatial-Bench [27], 3DSR-
Bench [73], OmniSpatial [51], MMSI-Bench [120], and RoboSpatial [87] evaluate
spatial reasoning more broadly but do not treat object orientation as a primary,
multi-dimensional target. Pose estimation approaches [23, 26, 126] offer precise
6-DoF outputs but require costly pipelines [20, 29] and resist natural-language
interpretation.

DORI addresses these limitations by evaluating object orientation as a pri-
mary task across complementary dimensions and difficulty levels. It combines
open-vocabulary objects, both egocentric and allocentric coverage, and coarse-
plus-granular assessment, a combination not jointly provided by prior bench-
marks in Tab. 2. Drawing from 14 sources across natural and simulated environ-
ments, DORI yields 13,652 images and 33,656 questions, providing the diagnostic
resolution needed to identify where and why orientation reasoning fails in current
MLLMs.

3 DORI : Discriminative Orientation Reasoning
Intelligence

Object orientation understanding spans a wide spectrum of perceptual and cog-
nitive demands - from static pose recognition and mental rotation to egocentric
and allocentric spatial reasoning and physics-grounded semantic inference. Eval-
uating MLLMs across this full range requires a principled framework that can
expose not just whether models fail, but where and why. For example, how closely
do they match human-level orientation performance, do their reasoning patterns
reflect those observed in human visuospatial cognition [8, 88, 99], and what ar-
chitectural or training factors drive their shortcomings? These questions jointly
motivate DORI’s task structure, data selection, and evaluation design which we
will discuss further in the next section.
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Kitti Sample for View Parallelism JTA Sample for View Parallelism COCO Sample for Directional Facing CityScapes Sample for Directional Facing

Objectron Sample for 
Single-axis Rotation

3D-Future Sample for 
Single-axis Rotation

Get-3D Sample for Compound Rotation

Shapenet Sample for Compound Rotation

Omniobject3D Sample for Compound Rotation
Nocs_Real Sample for 
Inter-object Direction

3D-Future Sample for 
Inter-object Direction Get-3D Sample for Viewer-scene Direction Shapenet Sample for Viewer-scene 

Direction

Omniobject3D Sample for Viewer-scene Direction

SSFRB Sample for 
Canonical Orientation

SSFRB Sample for 
Canonical Orientation

Fig. 3: Representative samples from each dataset, including natural (Kitti, Cityscapes,
Coco, SSFRB, etc.) and simulated (JTA, 3D-Future, Get-3D, etc.) sources.

3.1 Core Capabilities

Drawing on established frameworks in cognitive neuroscience, DORI decomposes
object orientation understanding into the four dimensions. Tab. 1 shows how each
axis corresponds to a separable perceptual or reasoning mechanism identified in
the visuospatial literature as diagnostically meaningful [30, 46, 85, 100]. We do
not claim a strict developmental mapping. Instead, this decomposition motivates
why orientation understanding must be evaluated along multiple targeted axes,
and what visual and cognitive processing types each axis demands. Below we
describe how each dimension manifests as concrete evaluation tasks in DORI.

1. Frontal Alignment evaluates the fundamental ability to perceive how an
object’s front-facing surface is oriented relative to the viewer - a prerequisite for
any orientation-based reasoning. Humans rapidly identify which way an object
is facing (e.g ., deciding if a vehicle is approaching or departing) by recognizing
structural and functional features such as faces, headlights, or entrances. How-
ever, we require additional reasoning steps for orientation interpretation [56],
such as assessing objects’ angular relationship with the viewing plane defined as
the imaginary plane onto which a scene is projected onto.

For MLLMs, we assess this frontal alignment capability through two com-
plementary tasks: view parallelism analysis, which quantifies the degree to
which an object’s frontal surface deviates from being parallel to the image plane,
providing angular measurements (e.g ., is a chair directly facing the camera or at
a 45-degree angle). Directional facing perception asks the cardinal direction
an object’s front is oriented relative to the camera position (e.g ., whether a desk
is facing toward, away, leftward, or rightward from the viewer’s perspective).
This dual assessment is supported by research that reports viewpoint-invariant
recognition of frontal features operates through different neural mechanisms than
precise angular estimation [46]. Prior work also demonstrates MLLMs’ inability
to perceive object frontality (e.g ., confusing left/right perspectives) even when
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provided with bounding boxes [86, 94], often being on par with random predic-
tions [122]. For objects whose frontality is difficult to define (e.g ., symmetric
objects like a ball), models are expected to respond with the "Cannot be deter-
mined" option, which is provided as a choice in every question (see example in
Fig. 2).
2. Rotational Transformation examines the ability of an MLLM to com-
prehend orientation changes through rotation, reflecting requirements such as
embodied object manipulation (e.g ., fitting a key into a lock), and viewpoint-
dependent navigation (e.g ., reorienting a map for wayfinding). Mental rotation
capabilities allow humans to predict how objects align when rotated [78], with
neuroimaging evidence showing premotor and parietal activation during both
physical & imagined rotations [25, 78]. Both processes trigger similar neural ac-
tivations [113], highlighting the inherent complexity of spatial transformation
tasks that MLLMs must simulate. Inspired by this, we design the rotational
tasks in our benchmark to progress from simple to complex levels mirroring hu-
man cognitive processing demands [61,91,113]. Thus, the first subtask examines
single-axis rotation & evaluates basic angular transformations rotated along
one spatial dimension (e.g ., determining the shortest rotation to face a chair
toward the camera). This establishes baseline capabilities before progressing to
more cognitively demanding compound rotation [91], involving multiple-axes
rotation (e.g ., aligning objects through a sequence of horizontal/vertical ro-
tations). These subtasks represent common scenarios in assembling products
through item manipulation and real-world scene planning by embodied agents,
where object orientation understanding directly impacts final task performance.

3. Relative Orientation examines the understanding of how objects are ori-
ented in relation to each other and with respect to the viewer. Humans navigate
a complex visual world by seamlessly tracking orientation changes across scenes
and viewpoints, which is crucial for scene comprehension and geometric coordi-
nation. The human brain contains a specific interconnected region facilitating
“mental orientation” -the ability to effectively spatially orient an object to differ-
ent viewpoints and perspectives [42,72,80,125]. In contrast, studies have shown
that MLLMs struggle significantly with questions posed from non-egocentric per-
spectives [86,105,121] and with maintaining consistent dimensional relationships
between multiple objects across time and viewpoints [119] We systematically
probe this aspect of object’s relative orientation via the following sub-tasks: (1)
inter-object directional relationships, to assess the relative facing directions
of objects (e.g ., determine if two cars are facing the same or opposite directions),
and (2) image-pair rotational relationships, to measure the ability to track
orientation changes between two images (e.g ., identify the degree of rotation
between two views of the same object).

3.2 Benchmark Creation Process

DORI comprises seven orientation-reasoning tasks spanning the four dimensions
above (Fig. 1), each evaluated at two tiers: coarse-grained questions for ba-
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sic categorical judgments (e.g ., “Are objects A and B facing the same direc-
tion?” for relative orientation; “Has the object rotated between the two images?”
for rotational transformation) and fine-grained questions for precise quanti-
tative estimation (e.g ., “How many degrees clockwise did the object rotate?”;
“What specific transformations would restore this image to its canonical ori-
entation?”). This hierarchical design enables systematic evaluation from funda-
mental perception to advanced metric reasoning. We generated the questions
via two pipelines: converting existing 3D annotations into orientation questions,
drawing from JTA [28], 3D-Future [32], Get3D [37], ShapeNet [44], OmniOb-
ject3D [112], NOCS REAL [102], Objectron [1], SSFRB [41, 70, 79, 98, 111], and
the OmniNOCS [57] subsets of KITTI [38] and Cityscapes [19]; and manu-
ally annotating real-world samples from COCO [63]. Source selection is also
task-specific: for instance, inter-object directional relationship questions require
multi-object scenes, so single-object datasets like ShapeNet [44] are excluded
in favor of 3D-Future [32] and NOCS REAL [102] (further details in Sec. 3.3).
To handle orientation ambiguity in symmetric objects, every question includes
a “Cannot be determined” option regardless of whether it is correct for that
instance (Fig. 2). We describe the full curation details in the supplementary;
representative image samples are shown in Fig. 3.

We designed the prompts to isolate orientation perception from confounding
factors such as object recognition difficulty, scene clutter, linguistic ambiguity,
and contextual distractions [11] (see supplementary for detailed discussion). The
prompts follow a structured five-component format (Fig. 2): a task descrip-
tion specifying the orientation dimension being tested; contextual grounding
of key concepts (e.g ., “An object is considered ‘front facing’ when its inher-
ent structural features are visible from the camera”); step-by-step analysis
instructions (e.g ., “1. Identify Object A and its key structural features. 2. De-
termine the orientation...”); multiple-choice options; and concrete reasoning
examples (e.g ., “A person whose body is directed towards the camera would be
‘facing toward the camera.’”). This design draws on instruction-tuning principles
showing that explicit task framing and example-driven guidance improve model
comprehension [47]. We have iteratively refined the prompts through multiple
cycles of human feedback from non-expert annotators to address ambiguities,
clarify terminology, and improve the task specificity [64]. For instance, early
rotational transformation prompts yielded inconsistent axis interpretations, ad-
dressed by introducing concrete analogies (e.g ., “like a ballerina spinning clock-
wise” to distinguish vertical-axis rotation from abstract directional descriptions).
Response formats were standardized to require both an explicit answer and a
chain-of-thought explanation, ensuring that performance differences reflect gen-
uine orientation understanding rather than prompt interpretation variance. See
supplementary for full prompt templates and examples across all question types.

Label reliability. DORI’s labels are primarily derived from structured 3D
annotations, rotation matrices, and controlled rendering pipelines, which pro-
vide direct access to object orientation parameters. The main exception is the
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Fig. 4: Dataset composition in DORI. The left chart shows the distribution of
examples across the seven orientation-reasoning tasks and natural/simulated image
sources. The right chart shows the distribution of examples across broad object groups.
Together, the plots summarize DORI’s task, source, and object-group diversity.

directional-facing subset from COCO, where orientation labels require manual
judgment from real-world images. To assess ambiguity in this manually anno-
tated subset, we conducted an agreement analysis with three annotators and
observed complete agreement in 96.7% of cases. This suggests that the manual
labels are largely unambiguous, while the majority of DORI’s labels are obtained
from deterministic geometric annotations rather than subjective judgment.

3.3 DORI Statistics

Collectively, DORI encompasses 13,652 images spanning both natural (37%)
and simulated (63%) environments, and includes 33,656 carefully constructed
multiple-choice questions over diverse open-vocabulary objects across 14 com-
puter vision datasets, including KITTI [38], Cityscapes [19], COCO [63],
JTA [28], 3D-FUTURE [32], Objectron [1], ShapeNet [44], and OmniOb-
ject3D [112], among others (full list in Sec. 3.2). Fig. 4 illustrates the broad
object-group and dataset distribution. This multi-source approach allows us to
balance complex, real-world environments (37% of images) with controlled syn-
thetic environments (63%) where orientation parameters are precisely known.
Knowing precise orientation parameters in synthetic data is crucial as it provides
ground truth angular measurements with known accuracy, eliminating visual am-
biguity or occlusion that might confound assessment. Meanwhile, real-world im-
ages introduce natural complexity and diversity while maintaining clear ground
truth through expert annotation. Additional statistics on fine-grained and broad
categories across tasks are available in the supplementary.

4 Experiments

We evaluate 26 state-of-the-art multimodal models spanning diverse architec-
tures, parameter scales, and pretraining methodologies across both open-source
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Table 3: Performance of several open-source MLLMs on DORI. Most models perform
poorly, particularly on granular questions. These experiments reveal a systemic gap
in object orientation understanding across all four dimensions studied in DORI. See
supplementary for results with model variance. C: coarse, G: granular.

Frontal
Alignment

Rotational
Transformation

Relative
Orient. Canonical

View
Parallel.

Dir.
Facing

Single-
axis Rot.

Compo-
und Rot.

Inter-
Obj. Dir.

Viewer-
scene Dir. Orient. Avg.

C G C G C G C G C G C G C G C G

Random 35.7 25.5 20.2 19.8 20.7 17.4 20.4 6.6 15.0 10.1 33.1 20.3 34.8 16.0 25.7 16.5
LLaVA-v1.6- [69] 55.9 26.8 22.6 19.8 23.4 16.5 32.8 10.6 7.2 12.4 46.6 20.1 34.7 11.3 31.9 16.7
LLaVA-v1.6-34B [69] 52.8 35.3 32.6 26.4 22.1 26.2 13.0 4.3 16.2 14.8 34.8 25.4 40.1 11.6 30.2 20.5
LLava-Next-8B [68] 33.2 25.2 21.3 21.0 20.5 17.9 40.6 6.3 10.3 12.0 61.5 25.2 39.5 9.2 32.4 14.4
Yi-VL-6B [2] 38.9 31.0 25.0 25.2 28.5 14.7 29.6 3.0 15.2 12.3 41.4 10.8 32.8 14.4 30.2 15.9
Yi-VL-34B [2] 53.1 35.1 23.3 24.0 28.1 21.2 32.5 4.4 13.4 14.5 61.1 19.7 36.7 12.5 35.4 18.7
Mantis-CLIP [52] 60.1 24.3 26.1 16.3 15.4 20.9 9.1 5.8 13.2 10.1 37.7 17.9 30.1 34.5 27.3 15.0
Mantis-Idfs-8B [52] 57.8 33.0 22.5 12.7 25.7 23.4 25.9 6.6 17.6 9.0 55.4 24.5 51.2 41.0 36.5 17.5
DS-1.3B-Base [7] 58.1 24.8 15.0 19.4 21.1 15.2 17.0 5.3 17.0 11.9 61.3 26.0 1.8 2.3 27.3 14.7
DS-1.3B-Chat [7] 58.1 24.8 22.6 22.0 21.2 15.5 33.9 5.8 15.3 10.5 47.6 18.0 20.8 17.3 31.3 14.1
DS-7B-Base [7] 26.3 31.1 14.6 16.4 18.3 14.3 35.5 2.8 3.6 4.1 35.7 6.8 28.3 10.7 23.1 9.6
DS-7B-Chat [7] 59.4 31.3 31.3 24.5 28.2 17.8 35.8 6.0 20.2 14.9 18.5 32.2 44.4 32.2 33.9 18.6
Qwen2.5-3B-Inst. [90] 56.3 29.3 23.4 3.1 18.2 17.7 25.4 0.21 16.3 13.8 62.8 16.9 43.2 11.4 35.0 13.2
Qwen3-8B-Inst. [116] 73.7 45.6 50.8 54.8 32.9 45.9 49.0 7.5 18.2 21.9 79.1 37.2 42.0 21.1 49.3 33.4
Qwen3-32B-Inst [116] 75.8 54.4 61.1 59.2 31.6 44.1 39.6 8.6 9.2 20.5 78.9 46.1 28.1 25.5 46.3 36.9
Magma-8B [118] 51.5 21.4 25.4 20.9 20.6 18.7 32.0 5.4 16.3 11.5 32.6 21.0 37.5 16.1 30.8 16.4
RP-v1-13B [124] 45.7 20.5 24.7 22.3 24.9 14.7 37.6 5.6 12.9 12.7 61.2 20.9 39.8 10.6 35.2 15.3
IntVL-14B-Inst. [104] 63.4 37.2 37.9 48.6 30.3 21.4 26.4 7.2 4.3 15.0 94.3 44.1 45.8 16.0 43.2 27.1
IntVL-30B-A3B-Inst. [104] 72.1 33.9 46.6 50.0 17.4 17.7 33.3 6.8 19.3 10.0 90.1 35.0 51.1 22.2 47.1 25.1

Table 4: Comparing open and closed-source MLLMs on a randomly selected 100-
sample-per-task subset of DORI. Closed-source models show improved performance,
but all models still perform poorly overall.

Frontal
Alignment

Rotational
Transformation

Relative
Orient. Canonical

View
Parallel.

Dir.
Facing

Single-
axis Rot.

Compo-
und Rot.

Inter-
Obj. Dir.

Viewer-
scene Dir. Orient. Avg.

C G C G C G C G C G C G C G C G

LLaVA-v1.6-34B [68] 45.5 30.0 22.5 23.5 15.0 15.5 19.3 7.6 15.0 10.5 37.3 34.3 66.0 19.0 31.5 20.0
LLava-Next-8B [68] 34.0 13.0 18.0 19.0 12.5 17.5 40.3 7.0 12.0 13.5 64.0 25.0 66.0 16.0 35.2 15.8
DS-7B-Chat [7] 52.5 28.0 24.5 24.5 21.0 15.0 35.3 5.0 24.0 14.0 23.6 32.0 67.0 2.0 35.4 19.7
Qwen3-8B-Inst. [116] 61.5 41.0 38.5 36.0 23.5 37.0 69.6 9.3 17.5 13 88.3 47 62.0 26.0 51.5 29.9
Qwen3-32B-Inst [116] 60.0 39.5 37.5 33.5 20.5 37.5 68.3 10.3 16.5 13.5 86.6 44.6 45.0 26.0 47.7 29.2
IntVL-14B-Inst. [104] 61.5 32.0 32.5 42.5 29.0 16.0 31.3 8.3 6.5 14.0 93.3 45.6 71.0 25.0 46.4 26.2
IntVL-30B-A3B-Inst. [104] 67.5 34.0 40.5 39.0 18.0 11.0 35.0 8.0 26.0 13.0 89.0 33.6 79.0 33.0 50.7 24.5

Gemini 1.5 Pro 68.5 53.0 43.5 39.0 24.0 37.5 65.3 12.3 25.0 14.5 91.0 47.3 83.0 28.0 57.1 33.0
Gemini 2.0 Flash 67.0 35.0 37.5 33.5 28.5 27.0 52.0 14.3 23.0 17.0 92.0 43.6 78.0 29.0 54.0 28.5
Gemini 3 Flash pre. 68.5 71.0 63.0 63.0 59.0 18.5 37.5 63.7 44.0 8.0 91.7 57.0 86.0 51.0 64.2 42.0
Claude-sonnet-4.6 61.5 41.0 42.5 45.5 26.0 35.5 66.0 21.0 23.5 16.0 82.7 45.0 90.1 42.9 56.0 35.3
GPT-4o 44.5 45.0 30.5 35.5 29.5 34.0 39.3 15.3 23.5 13.5 88.3 53.3 88.0 45.0 49.0 34.5
GPT-4-1 48.5 41.0 39.0 40.5 32.5 42.0 31.6 14.0 22.5 8.5 87.6 44.6 93.0 46.0 50.6 33.8
GPT-5-mini 61.5 55.5 55.0 60.0 37.5 47.5 46.3 22.6 19.0 10.5 88.0 57.3 86.0 41.0 56.1 42.9
GPT-5.5-Pro 67.0 65.5 61.0 65.0 25.5 34.5 48.7 24.7 42.5 8.5 92.7 48.7 75.0 47.0 58.9 41.9

and proprietary systems. The models are as follows: LLaVA-v1.6-13B [67],
LLaVA-v1.6-34B [67], LLava-Next-8B [68], Yi-VL-6B [2], Yi-VL-34B [2], Mantis-
CLIP [52], Mantis-Idfs-8B [52], DS-1.3B-Base [7], DS-1.3B-Chat [7], DS-7B-
Base [7], DS-7B-Chat [7], Qwen2.5-3B-Inst. [90], Qwen3-8B-Inst. [116], Qwen3-
32B-Inst. [116], Magma-8B [118], RP-v1-13B [124], IntVL-14B-Inst [104], and
IntVL-30B-A3B-Inst. [104]. Proprietary models are queried via their official
APIs; open-source models are run on 2–4 NVIDIA RTX A6000 GPUs, with
models exceeding 34B parameters evaluated on a single NVIDIA A100-80G. All
models are evaluated at temperature 0 for deterministic outputs. Answer options
are shuffled randomly across runs to control for position bias, and responses are
parsed via a standardized extraction pipeline that handles free-form text, letter-
based, and JSON-formatted outputs. We report answer accuracy separately for
coarse and granular question types across all task categories.
Granular evaluation tolerance. For granular questions, we use task-specific
angular tolerances that reflect the resolution of each orientation judgment. The
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Table 5: Model rankings across MMSI-Bench, OmniSpatial, and DORI. Cell color
encodes rank (green = high, red = low), superscripts encode rank. DORI’s coarse (C)
and granular (G) split reveals patterns invisible to single-score benchmarks.

Model MMSI-Bench OmniSpatial DORI (C) DORI (G)

GPT-5-mini 41.91 – 56.11 42.91

Gemini 2.0 Flash – 44.04 54.02 28.54

GPT-4.1 30.92 51.81 50.63 33.83

InternVL3- [104] 26.84 45.93 46.45 27.15

RoboPoint-v1-13B [124] – 34.66 35.26 15.36

Qwen2.5-VL-3B [90] 26.55 40.35 35.07 13.27

GPT-4o 30.33 47.82 49.04 34.52

main results use a strict matching criterion to evaluate whether models recover
the intended metric orientation rather than only the correct coarse category. In
the supplementary, we additionally report a more tolerant evaluation setting.
Model rankings are largely stable under this relaxed criterion, indicating that
the observed failures are not solely due to small angular miscalibrations, but
often reflect larger errors in orientation reasoning.

4.1 Results

Tab. 3 benchmarks open-source MLLMs across all DORI question types, and
reveals a fundamental limitation: many open-source MLLMs perform at or near
random chance. Granular questions are especially challenging. Most models rely
on coarse categorical judgments rather than precise angular reasoning. Even
robotics-specialized models, such as, Magma-8B [118] and RP-V1-13B [124] -
fail to exceed general-purpose architectures, indicating that domain-specific pre-
training alone is insufficient. Larger model families outperform smaller ones on
coarse questions, but this advantage largely disappears on fine-grained tasks.

Tab. 4 extends this comparison to closed-source systems. On coarse accuracy,
the leading proprietary models outperform the best open-source alternatives by
up to 12.7 percentage points, yet several closed-source systems fail to consistently
exceed top open-source models. On granular accuracy, the picture is more mixed:
GPT-5-mini and GPT-5.5-Pro show a more meaningful lead, while Gemini 2.0
Flash remains near the best open-source level. Across both question types, all
models exhibit severe deficits on rotational transformation and relative orienta-
tion. This confirms that robust geometric understanding remains absent even in
state-of-the-art proprietary systems. We attribute this to pretraining methodol-
ogy. Most MLLMs employ CLIP-style contrastive objectives that optimize for
semantic alignment rather than geometric structure [127]. Tong et al . [94] sim-
ilarly noted that pretraining creates a “dimensional collapse” in the embedding
space, where continuous orientation variations become compressed into discrete
semantic clusters (e.g ., treating “left” and “right” as opposing categorical con-
cepts rather than points along a continuous angular spectrum). While this may
be slightly mitigated by using generative objectives [62], MLLMs lack the neces-
sary equivalent neural inductive biases utilized by humans [22,39,66,82]. Instead,
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Table 6: Performance of Qwen2.5-3B-Inst [90] model finetuned using LoRA using
Linear Projection, Linear Projection with a bottleneck, & Token-based Fusion on DORI

Frontal
Alignment

Rotational
Transformation

Relative
Orient. Canonical

View
Parallel.

Dir.
Facing

Single-
axis Rot.

Compo-
und Rot.

Inter-
Obj. Dir.

Viewer-
scene Dir. Orient. Avg.

C G C G C G C G C G C G C G C G

Linear Proj 55.9 39.4 19.4 0.0 36.6 28.0 55.9 5.6 25.0 17.8 77.0 26.2 18.8 11.7 41.2 19.1
Linear Proj+Btlneck 55.6 32.4 26.1 0.0 19.1 23.8 30.1 5.0 19.0 10.8 41.6 18.8 33.5 14.1 32.1 14.8
Token based fusion 87.2 72.4 75.0 2.5 64.9 65.6 63.1 14.9 67.7 56.5 94.1 69.5 67.6 55.8 74.3 46.6

MLLMs approximate neural mechanisms through suboptimal attention patterns
leading to hallucinations [24,49,114,117].

Tab. 5 compares model rankings against MMSI-Bench [120] and OmniSpa-
tial [51] - two benchmarks covering general scene-level and multi-image spa-
tial reasoning. In contrast, DORI isolates orientation, enabling a direct test
of whether general spatial competence transfers to geometric reasoning. The
ranking shifts are substantial: GPT-4o places 2nd on OmniSpatial and 3rd on
MMSI-Bench, but drops on DORI’s coarse orientation split, despite remaining
competitive on granular questions. This suggests that strong performance on
broader spatial reasoning benchmarks does not necessarily imply robust perfor-
mance across all forms of object-centric orientation reasoning, a blind spot that
DORI is designed to expose.

4.2 Analysis

Architecture critically determines orientation capacity. Tab. 3 also re-
veals clear architectural hierarchies among open-source models. Token-based fu-
sion (e.g ., Mantis-Idfs-8B [52]) consistently outperforms linear projection, pre-
serving richer spatial information. Instruction-tuned variants universally surpass
base models: DeepSeek-7B-Chat outperforms DeepSeek-7B-Base [7] by ∼47%
relative on average coarse accuracy. Strikingly, smaller tuned models can sur-
pass larger base ones, e.g: DeepSeek-1.3B-Chat [7] exceeds DeepSeek-7B-Base [7]
on coarse questions. This confirms that architectural design, pretraining data,
and training objectives matter more than parameter count [83]. The 41% rel-
ative coarse gain from Qwen2.5-3B [90] to Qwen3-8B [116] further shows that
advances in vision-language alignment directly benefit geometric understanding.

To further isolate the contribution of fusion strategy, we finetune Qwen2.5-
3B-Inst. with LoRA under three conditions for 2000 steps: standard linear pro-
jection, linear projection with a bottleneck (hidden dim 256, GELU activation),
and the model’s default token-based fusion. As shown in Tab. 6, token-based fu-
sion substantially outperforms both projection variants across all tasks (74.3%
vs. 41.2% average coarse accuracy), corroborating the pattern observed in Tab. 3.
Adding a bottleneck to linear projection further degrades performance (32.1%
average coarse), indicating that information compression at the fusion stage is
particularly harmful for fine-grained orientation reasoning. We note, however,
that this experiment carries a confounding variables: Qwen was pretrained with
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Fig. 5: Performance of MLLMs by source
category (additional models in supple-
mentary). Although for many categories
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3D
_F

ut
ur

e

Ss
fr

b

C
ity

sc
ap

es

C
oc

o

G
et

_3
D Jt
a

K
itt

i

N
oc

s_
R

ea
l

O
bj

ec
tr

on

O
m

ni
ob

je
ct

3D

Sh
ap

en
et

 

0

20

40

60

 

Model
Gemini_1.5_Pro
Gemini_2.0_Flash
Gpt_4_1
Llava_34B
Mantis_8B_Clip

Fig. 6: Performance by source dataset.
Models generalize better to simulated
data and coarse questions, exposing a gap
on natural images and fine-grained tasks
(additional models in supplementary).

token-based fusion, so the linear projection variants are not part of their native
training regime. A fully controlled comparison would require retraining com-
parable MLLMs from scratch under each fusion strategy, which is beyond the
scope of this work. We therefore interpret these results as suggestive rather than
causal: within this adaptation setting, token-based fusion performs substantially
better, indicating that fusion strategy is an important design axis that should
be considered alongside model scale.
Real versus synthetic sources. Because DORI combines real and synthetic
images, we separately examine performance across source types. While perfor-
mance varies across individual datasets and visual domains, the aggregate model
rankings are largely consistent between real and synthetic subsets. Thus, our
conclusions are not driven by a single data source or by synthetic rendering arti-
facts alone. Instead, the mixed-source design allows DORI to combine controlled
orientation ground truth with the visual diversity of real-world scenes.
Category-specific patterns expose reliance on semantic cues. Models
perform substantially better on people and animals than on furniture or con-
tainers (Fig. 5), that have clear front/back distinctions. This gap also reflects
reliance on semantic shortcuts (e.g ., recognizing faces) rather than a fundamen-
tal geometric understanding when determining object orientation. Fig. 6 reveals
a complementary pattern: performance is markedly higher on simulated datasets
than natural images, suggesting that real-world clutter and variability expose ge-
ometric limitations that controlled renders conceal. In addition, strong results
on datasets like COCO raise contamination concerns. To address this, we fol-
lowed [92], and separated into (likely) in-pretraining and out-of-pretraining sets,
and find that models generally perform similarly on both sets. Thus, confirming
negligible contamination effects.
Fine-tuning on DORI enables substantial transfer gains. Tab. 7 measures
zero-shot transfer to three external benchmarks (3DSRBench [73], Blink [33],
and SAT [84]) after fine-tuning on DORI. Fine-tuning Qwen2.5-VL-3B [90] on
27K DORI samples (real + synthetic) with LoRA [48] yields up to 27 percent-
age points absolute gain. Tab. 8 further reports performance on 7K held-out
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Table 7: Comparison of a base Qwen2.5-VL-3B model and a LoRA-tuned variant
trained on DORI, evaluated zero-shot on 3DSRBench [73], Blink [33], and the SAT
benchmark [84]. Finetuning on DORI yields up to a 27% improvement over the base
model. Note: the SAT Finetuning row reports results from the official SAT model repos-
itory, which uses a Qwen2.5-VL-7B backbone - substantially larger than the Qwen2.5-
VL-3B models used in all other comparisons.

Blink 3DSRBench SAT

Multi-View
Reasoning

Visual-
Corresp.

Relative-
Depth Orient. Multi-Obj.

View To. Obj.
Multi-Obj.

Parallel
Multi-Obj.
Same Dir.

Base Model 42.9 25.3 64.1 32.5 11.4 11.4 46.8 51.3
SAT Finetuning 40.6 66.2 66.9 33.7 24.4 50.0 50.4 50.8
DORI Finetuning 45.1 26.5 65.3 38.6 14.0 38.1 50.3 63.3

Table 8: Performance of Base and Fine-tuned Qwen2.5-3B-Inst. [90] models across
DORI Question Types

Frontal
Alignment

Rotational
Transformation

Relative
Orient. Canonical

View
Parallel.

Dir.
Facing

Single-
axis Rot.

Compo-
und Rot.

Inter-
Obj. Dir.

Viewer-
scene Dir. Orient. Avg.

C G C G C G C G C G C G C G C G

Base Model 57.7 34.8 27.2 0.0 22.9 20.4 37.7 5.6 7.3 13.7 77.7 22.0 47.0 20.2 39.6 16.6
SAT Fintuning 36.3 42.2 22.5 26.1 33.8 23.6 24.2 4.2 10.8 14.7 76.5 26.0 47.0 20.0 35.8 19.6
+ Finetuned 87.8 72.8 81.9 2.6 76.8 76.1 64.5 17.3 79.2 60.6 99.0 84.9 67.6 37.1 79.5 50.2

DORI samples, showing 40–34 percentage point absolute gains over the base
model. Together, these results show that DORI finetuning generalizes across ori-
entation and spatial reasoning tasks, capturing transferable orientation signals
rather than prompt-specific patterns. However, transfer to non-orientation tasks
is mixed, indicating orientation-centered rather than universal gains.

Human evaluation exposes a performance ceiling. Tab. 9 compares expert
human performance against the best closed-source model across all task types.
We recruited 14 experts to evaluate 50 examples per task type (700 samples to-
tal), each with three answer options: the correct answer, “Cannot be determined,”
and a random distractor. Humans achieved up to 98% accuracy, validating an-
notation quality. The best closed-source model trails by roughly 17 percentage
points, revealing substantial headroom for MLLM improvement.

Prompt structure scaffolds orientation understanding. We ablated key
prompt components: formatting, examples, task descriptions, and step-by-step
reasoning (Fig. 2), across 8 models. Tab. 10 compares performance without struc-
tured prompting. Most models degrade sharply without structure: LLaVA-v1.6-
13B [69] collapses to near-zero on Direction Facing granular, Compound Rota-
tion granular, and Canonical Orientation granular, while LLaVA-Next-8B [69]
suffers a 93% relative decline on View Parallelism granular. For these architec-
tures, structured prompts yield up to 50–100× improvements on fine-grained
tasks. Prompt sensitivity is not uniform, however. Mantis-Idfs-8B [52] shows
counterintuitive gains under ablation: Compound Rotation coarse surges 141%
relative, suggesting rigid templates interfere with its interleaved architecture’s
native multi-image reasoning. DS-7B-Chat [7] is similarly non-monotonic: Inter-
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Table 9: Comparison of Human performance vs. MLLMs on 50 randomly sam-
pled questions of each type. We find a significant performance gap exists between our
expert annotators and MLLMs

Frontal
Alignment

Rotational
Transformation

Relative
Orient. Canonical

View
Parallel.

Dir.
Facing

Single-
axis Rot.

Compo-
und Rot.

Inter-
Obj. Dir.

Viewer-
scene Dir. Orient. Avg.

C G C G C G C G C G C G C G C G

GPT-4o 22.0 36.0 38.0 6.0 36.0 34.0 76.0 66.6 38.0 48.0 88.0 70.6 70.0 20.0 52.5 40.1
Gemini 1.5 Pro 64.0 72.0 76.0 80.0 56.0 54.0 86.0 66.0 64.0 62.0 98.0 80.0 50.0 64.0 70.5 68.2
Human 82.0 92.0 92.0 82.0 80.0 78.0 86.0 86.0 86.0 74.0 98.0 90.0 92.0 92.0 88.0 84.8

Table 10: Models perform much worse for most of the tasks when the prompts are
unstructured and have no clarification examples. The degradation is particularly promi-
nent for Compound rotation and Canonical orientation related tasks

Frontal
Alignment

Rotational
Transformation

Relative
Orient. Canonical

View
Parallel.

Dir.
Facing

Single-
axis Rot.

Compo-
und Rot.

Inter-
Obj. Dir.

Viewer-
scene Dir. Orient. Avg.

C G C G C G C G C G C G C G C G

LLaVA-v1.6-13B 57.9 33.0 25.4 0.01 20.2 16.5 27.7 0.01 16.7 12.2 60.4 19.8 43.1 0.0 35.9 11.6
Yi-VL-6B 52.4 37.8 23.9 20.3 36.8 15.9 19.7 21.6 11.0 16.5 78.6 18.6 22.3 12.9 34.9 20.5
Mantis-CLIP 40.5 9.1 6.9 6.8 6.2 2.6 0.9 1.8 0.2 0.0 57.9 1.9 41.6 46.7 22.0 6.7
Mantis-Idfs-8B 51.2 29.9 29.7 13.6 15.3 10.5 62.5 5.0 5.2 18.4 85.9 32.1 32.6 46.1 40.3 19.9
LLava-Next-8B 56.9 1.8 25.5 29.9 22.2 11.7 34.1 6.6 24.3 10.0 66.0 26.4 38.7 11.0 38.2 13.9
DS-1.3B-Chat 40.7 30.2 22.6 21.8 12.2 19.8 35.6 5.6 16.2 14.2 31.1 21.6 14.8 9.8 24.7 17.5
DS-7B-Base 45.2 35.0 21.6 21.2 25.4 18.0 2.8 5.7 15.0 11.7 33.6 25.7 3.6 16.5 21.0 19.1
DS-7B-Chat 48.1 32.4 27.9 25.7 47.0 19.5 1.0 5.1 49.6 15.8 36.6 22.7 17.3 10.7 32.5 18.8

Object Direction coarse improves 145% relative, yet Compound Rotation coarse
collapses 97%. These divergences show that prompts can disambiguate some
spatial transformations while disrupting others. Notably, Canonical Orientation
remains difficult across all models, indicating that prompt engineering alone
cannot replace geometric priors.

5 Conclusion

We introduce DORI, a cognitively informed benchmark isolating orientation un-
derstanding in MLLMs. Across 26 models, a consistent pattern emerges: sys-
tems competent on general spatial benchmarks struggle severely on orientation
tasks, trailing expert humans by roughly 18 percentage points. DORI’s coarse-
to-granular design reveals why models rely on categorical heuristics rather than
continuous geometric reasoning, a limitation that broad benchmarks cannot de-
tect. Canonical Orientation is particularly revealing: while some models improve
on coarse canonical judgments, granular canonical reasoning remains difficult
and highly inconsistent, suggesting that robust orientation understanding likely
requires stronger architectural or pretraining-level geometric priors rather than
scaling alone. Encouragingly, LoRA fine-tuning on DORI transfers broadly to
held-out spatial benchmarks, showing that targeted orientation training yields
genuine geometric gains. Further discussions, error analysis, and additional ex-
periments are provided in the supplementary.
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