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Figure 1: Illustration of GenSpace’s three basic evaluation dimensions and nine corresponding
sub-domains for text-to-image generation and instruction-based image editing. All results shown are
generated by GPT-4o. Zoom in for best viewing.

Abstract

Humans can intuitively compose and arrange scenes in the 3D space for photog-
raphy. However, can advanced AI image generators plan scenes with similar 3D
spatial awareness when creating images from text or image prompts? We present
GenSpace, a novel benchmark and evaluation pipeline to comprehensively assess
the spatial awareness of current image generation models. Furthermore, standard
evaluations using general Vision-Language Models (VLMs) frequently fail to cap-
ture the detailed spatial errors. To handle this challenge, we propose a specialized
evaluation pipeline and metric, which reconstructs 3D scene geometry using mul-
tiple visual foundation models and provides a more accurate and human-aligned
metric of spatial faithfulness. Our findings show that while AI models create
visually appealing images and can follow general instructions, they struggle with
specific 3D details like object placement, relationships, and measurements. We
summarize three core limitations in the spatial perception of current state-of-the-art
image generation models: 1) Object Perspective Understanding, 2) Egocentric-
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Allocentric Transformation and 3) Metric Measurement Adherence, highlighting
possible directions for improving spatial intelligence in image generation.

1 Introduction

When photographing, humans often start by thoughtfully arranging both the objects and the camera
within the 3D space. Spatial awareness in real-world photography involves imagining the 3D
position and orientation of individual objects, and mentally understanding their spatial relationships,
quantitatively or qualitatively. For humans, this type of spatial awareness often happens intuitively,
allowing us to compose and capture well-structured photographs [11, 1, 68].

On the other hand, image generation models have made remarkable progress in recent years, from
diffusion models (Stable Diffusion [49] and FLUX [28]) to the latest unified generative methods
(Gemini-2.0-flash [16] and GPT-4o [40]). These models have demonstrated increasingly powerful
capabilities in producing realistic and visually appealing images. However, the spatial awareness
remains under-explored, despite its crucial role in controllable generation [24, 73, 70], artistic
creation [42, 57, 66], and AR/VR applications [14, 38, 4, 67].

To address this gap, we propose GenSpace, a new benchmark and evaluation pipeline to assess the
spatial awareness of current image generation models. To provide context for our work, we begin by
outlining the Problem Scope and Taxonomy of spatial awareness of image generation:

Problem Scope: Aligning with the trend of unified generation models, we comprehensively assess
how well these models understand and follow spatial information from text prompts and reference
images. Our evaluation covers both text-to-image generation and instruction image editing tasks.

Taxonomy: Grounded in the real-world photographic composition process, we systematically catego-
rize spatial awareness capabilities into three dimensions of increasing difficulty:

• Level 1: Spatial Pose - Understanding the 3D position and orientation (6 degrees of freedom)
of objects and the camera in the scene.

• Level 2: Spatial Relation - Reasoning about how objects are positioned relative to each other
(spatial layout) and considering different viewpoints (egocentric vs. allocentric).

• Level 3: Spatial Measurement - Interpreting quantitative spatial details provides precise
controllability, such as object sizes, object intervals, and camera’s shooting distance.

Given this problem formulation, a non-trivial challenge arises in how to effectively evaluate the spatial
faithfulness of generated images. While previous image generation benchmarks [12, 37, 23, 22] have
relied on vision-language models (VLMs) [32, 3, 16, 40] to assess the alignment of generated images
with text prompts, recent works [46, 7, 8, 36] show that even the most powerful VLMs still have
limitations in spatial reasoning and precise measurement.

To overcome these limitations, we present a novel, automated evaluation pipeline specifically designed
to assess spatial faithfulness in images. Our approach utilizes the spatial perception abilities of several
visual foundation models (including object detection [34], object segmentation [26, 47], depth
estimation [64, 65], orientation estimation [59], and camera intrinsic calibration [74]) to recover the
basic spatial pose of each object and reconstruct the 3D scene geometry in the image. We validate
our evaluation framework on manually calibrated samples. Our novel evaluation pipeline&metric,
leveraging powerful vision foundation models, demonstrates a significant improvement over general-
purpose VLMs.

To comprehensively assess model capabilities, we curate 1,800 textual prompts for text-to-image
generation, along with 1,800 source image and editing instruction pairs for image editing. We evaluate
diverse leading models, including 7 open models and 5 closed models. Our findings reveal that
current image generation models often struggle to understand and follow spatial information in text
or reference images.

In summary, our contributions are threefold:

• We propose to benchmark spatial awareness capabilities of image generation models,
grounded in real-world photography. It covers 3 dimensions and 9 sub-domains of spatial
awareness, and considers both text-to-image generation and image editing tasks.
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• We develop a novel evaluation pipeline&metric capable of analyzing complex spatial states
within generated images. We demonstrate that combining current vision foundation models
in this pipeline achieves higher alignment with human spatial perception.

• We evaluate several leading specialized and unified generative models using our benchmark,
revealing significant limitations and room for improvement in spatial awareness.

2 Related Work

2.1 Image Generative Models

With the development of diffusion models [54, 31], Stable Diffusion [49] and SDXL [44], achieve
impressive results by utilizing the U-Net diffusion model and extensive pre-trained datasets [51].
Their success inspires lots of subsequent research [6, 19]. Afterwards, progress in transformer
architectures [43, 55] and post-training strategies [33, 27, 56] led to bigger and stronger models.
Recent methods like SD-3 [10], FLUX [28], HunYuan-DiT [29], and Seedream [13] can generate
realistic and aesthetically pleasing images from textual prompts. More recently, the release of GPT-
4o [40] has drawn significant attention to unified models, which can process both text and image
inputs, naturally unifying generation and editing tasks, demonstrating a leading position in the field.

2.2 Benchmarking Image Generation

Initially, image generation models are evaluated using metrics such as Fréchet Inception Distance
(FID) [20], Inception Score (IS) [50], and CLIPScore [45]. However, these metrics fall short
in assessing complex image-text alignment and subjective attributes. Therefore, more targeted
benchmarks and evaluation methods [30, 53, 22, 15] for image generation are proposed. T2I-
CompBench [22, 23] and GenEval [15] are object-centric benchmarks, focusing on fundamental
object existence, attributes, and quantity, employing object detectors and VLMs for automated scoring.
Furthermore, other benchmarks like PhyBench [37], Commonsense-T2I [12], and WISE [39] utilize
advanced VLMs [3, 40] to evaluate the understanding of physics and commonsense knowledge.

However, the ability to plan and understand 3D scene layouts—akin to human perception in photog-
raphy—remains relatively underexplored. Our work aims to address this gap by comprehensively
and accurately evaluating the spatial awareness capabilities of current image generative models.

2.3 3D Spatial Understanding

Understanding spatial arrangements of images in 3D space is crucial for accurately interpreting
complex visual environments. However, recent studies [46, 7, 8, 36, 58, 21] show that even lead-
ing general-purpose VLMs struggle with spatial perception and reasoning. To address this, Spa-
tialVLM [7] and SpatialRGPT [8] construct more specialized training data. However, this specialized
data still ignores object poses and their allocentric spatial relationships, thereby restricting the models’
capabilities.

On the other hand, many benchmarks have emerged to highlight the core challenges of MLLM spatial
intelligence. 3DSR-Bench [36] examines issues related to camera viewpoint and object orientation.
Thinking in Space [63] investigates spatial memory and reasoning in videos, covering aspects like
quantitative distance measurement and egocentric-allocentric transformations. COMFORT [72]
explores how different reference systems influence the description of spatial relationships.

3 GenSpace

To thoroughly evaluate spatial awareness in image generation, we define three hierarchical dimensions
of spatial awareness, from simple to complex (Sec. 3.1). To specifically investigate how models
understand spatial information in images and text, and align with the trend towards unified models,
we build benchmarks for both text-to-image generation and instruction-based image editing (Sec. 3.2).
Finally, we introduce a specialized evaluation pipeline with stronger spatial understanding and
reasoning abilities to provide more reliable metrics (Sec. 3.3).
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Sub-domain Prompt Template
Object Pose "<obj> is facing {Forward / Backward / Left / Right} to the viewer."
Camera Pose "{Front / Back / Left / Right} view of <obj>"

Complex Pose "<obj1> and <obj2>, side-by-side, shot from <obj1>’s {Front / Back / Left / Right}"

Egocentric "From the camera’s perspective, <obj1> is {in Front of / Behind / to the Left of / to the Right of } <obj2>"
Allocentric "From the <obj2>’s perspective, <obj1> is {in Front of / Behind / to the Left of / to the Right of } <obj2>"

Intrinsic "<obj1> and <obj2>, {Side-by-Side, Same direction / Side-by-Side, Ppposite / Face-to-Face / Back-to-Back}"

Object Size "Two <obj>, one is {Bigger / Taller / Longer / Wider} than another with {N} m."
Object Distance "<obj1> separated from <obj2> by {0.5 / 1.0 / 1.5 / 2.0} m"
Camera Distance "<obj>, captured from {1.0 / 2.0 / 3.0 / 4.0} m"

Table 1: Prompt templates for text-to-image generation. "<obj>" represents a category name. For
each sub-domain, there are 4 distinct templates with different spatial descriptions (i.e., "{Option 1 /
Option 2 / Option 3 / Option 4}"). The numerical value "{N}" is set to a value appropriate for size,
height, length, and width. The prompts are simplified for conciseness.

3.1 Evaluation Dimension

We focus on three dimensions of spatial awareness (Basic Pose → Qualitative Relation → Quantitative
Measurement), grounded in real-world photography. Below, we dive into each dimension and the
corresponding sub-domain questions they includes.

3.1.1 Spatial Pose

We consider the control of spatial pose, for both objects and the camera, as the most basic spatial
concept in image generation. This fundamental capability involves generating objects in a specific
orientation or rendering the scene from a particular viewpoint. To evaluate this basic pose control, we
use 3 sub-domains of questions:

Object Pose. This test checks if the model can generate a single object in the specific pose requested
in the text instruction. We focus on single objects to isolatedly assess the basic spatial understanding
for various object types without other spatial complexities.

Camera Pose. Controlling the camera viewpoint is another basic spatial skill, similar to object pose.
For this test, we use the same single-object scenario. We modify the prompt to describe the desired
camera viewpoint (e.g., "front view", "right view") instead of the object’s orientation.

Complex Pose. Controlling the camera in scenes with multiple objects is significantly more challeng-
ing than in single-object scenarios. This skill is essential for applications like novel view synthesis.
Our complex pose test evaluates a model’s ability to envision specific camera views in multi-object
scenes while following or preserving the relative positions and relationships between objects.

3.1.2 Spatial Relation

Beyond understanding basic object and camera pose, a more advanced challenge in controllable image
generation is interpreting the qualitative spatial relationships between multiple objects. Although
previous benchmarks [53, 30, 22, 15] have explored similar tasks, they often default to camera-centric
perspectives when describing spatial relations. This overlooks the ambiguity of undefined reference
systems, causing confusion in real-world descriptions. To reduce this ambiguity and support more
use cases, we focus on 3 sub-domains of object relation: Egocentric (Camera-centered), Allocentric
(Object-centered), and Intrinsic (View-agnostic)

Egocentric Relation. The egocentric descriptions from the viewpoint of the camera or observer are
generally intuitive for humans. Previous benchmarks only consider the simple spatial terms like "on
the right" (meaning the object is on the right side of the image). However, relying on this unspecific
reference system causes ambiguity in practical applications. By explicitly defining the observational
viewpoint, we eliminate ambiguity in describing spatial relationships.

Allocentric Relation. While egocentric descriptions are common, they don’t cover every situation.
Spatial relationships are also often described from the viewpoint of another object within the scene
(i.e., allocentric viewpoint). An example prompt is "a model leaning against the right door of a car."
Our evaluation examines the ability to understand the perspective of different objects and reasons
involving the egocentric-allocentric transformation.
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Sub-domain Instruction Template
Object Pose "Rotate the <obj> to face {Forward / Backward / Left / Right} relative to the viewer"
Camera Pose "Show the {Front / Back / Left / Right} view of <obj>"

Complex Pose "Move the camera to the {Front / Back / Left / Right} of <obj1>"

Egocentric "Add <objnew> {in Front of / Behind / to the Left of / to the Right of } <obj>, from the camera’s perspective"
Allocentric "Add <objnew> {in Front of / Behind / to the Left of / to the Right of } <obj>, from the <obj>’s perspective"

Intrinsic "Add <objnew> near <obj>, {Side-by-Side, Same direction / Side-by-Side, Opposite / Face-to-Face / Back-to-Back}"

Object Size "Change the size of <obj>, make it {Bigger / Taller / Longer / Wider} by {N} m"
Object Distance "Move <obj> 1m {Forward / Backward / Left / Right}"
Camera Distance "Change camera distance: move 1m {Forward / Backward / Left / Right}"

Table 2: Instruction templates for instruction-based image editing. We manually curate feasible
source images for each instruction to ensure that the edits are meaningful.

Intrinsic Relation. There are also spatial descriptions that are independent of any specific viewpoint.
These use particular terms to define the intrinsic relationship between objects, such as "side by side"
or "back to back." We also assess the model’s comprehension of how different objects relate to each
other under these view-independent conditions.

3.1.3 Spatial Measurement

Advancing this, the generation of images incorporating precise spatial measurements is a highly
desirable feature for achieving controllable and spatially-aware image synthesis. Our assessment
focuses on the model’s proficiency in generating or adjusting images according to 3 fundamental
types of spatial measurement: Object Size, Object Distance, and Camera Distance.

Object Size. We evaluate the model’s ability to understand and control the quantitative 3D size of
objects, including their length, width, height, and overall size. Since estimating the real-world size of
an object from a single image (monocular) is often ambiguous, we primarily focus on the model’s
capacity to comprehend relative sizes between objects.

Object Distance. We assess the model’s understanding and application of specific distances between
objects, which allows for more precise control over spatial relationships. This includes creating
scenes where objects are a specific distance apart or repositioning objects by a specific amount.

Camera Distance. We evaluate the model’s ability to understand camera position in terms of distance
and to visualize how objects and scenes would appear if captured from different distances. This
means accurately showing changes in perspective, visible detail, and the relative size of objects.

3.2 Benchmark Construction

With the development of unified image generation models [16, 40], advanced visual generative
systems now support mixed image-text inputs, enabling both text-to-image generation and instruction-
based image editing within a single framework. To align with this trend and explore the model’s
spatial awareness over both images and text inputs, we build a benchmark around the key dimensions
described above, covering both text-to-image generation and instruction-based image editing tasks.

Prompt Generation. First, we create specific prompt templates for testing each sub-domain. (Tab. 1
provides text prompts for text-to-image generation, while Tab. 2 shows instructions for image editing.)
Although the generation and editing tasks are different, our prompts and instructions are designed to
evaluate similar spatial awareness capabilities across all 9 sub-domains.

Task1: Text-to-image Generation. Prompts for this task describe the spatial relationships between
objects and the camera. We use 50 common object categories that have distinct orientations (e.g., car,
person, and chair). To make our benchmark more diverse and natural, we use LLM to rephrase these
templated prompts into more human-like language while keeping the original meaning, for example,
"Back view of a fox" to "There is a fox. This image provides a clear view of the rear portion of a fox".

Task2: Instruction-based Image Editing. Instructions aim to change the spatial information of
objects or the camera in existing images. We manually select source images for each sub-domain
from both model-generated images and the internet. The object name in the instruction corresponds
to the main object in each image. The instructions are also rewritten by an LLM for naturalness.
Finally, humans check all image-instruction pairs to ensure they are clear, correct, and relevant.
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Figure 2: Overview of our evaluation pipeline & metric. We use advanced visual foundation models
to extract 3D information from the generated image. We then measure the difference between
the estimated spatial state and the target spatial state specified by the prompt or instruction. The
differences are converted into a unified score, which serves as the correctness metric.

Statistic. Each broader capability dimension is divided into 3 sub-domains. For each sub-domain, we
design 4 prompt templates and collect 50 samples per template, yielding 200 samples per sub-domain.
Summing up, this results in 1,800 samples for each task, totaling 3,600 samples across two tasks.

3.3 Evaluation Pipeline & Metric

Evaluating whether a generated image meets the required spatial information is a non-trivial challenge.
As discussed in [46, 7, 8, 36, 60], even state-of-the-art VLM often struggle with spatial understanding
and reasoning. To address this, we introduce a Spatial Expertise Pipeline that uses diverse visual
foundation models to extract 3D information from a single image and jointly assess the spatial
correctness of the generated content.

Spatial Expertise Pipeline. For a single image, we use multiple visual foundation models to extract
3D information of the objects: Grounded-SAM [34, 26] for 2D locations, Depth Anything [65]
for metric depth, OrientAnything [59] for 3D orientation. We use WildCamera [74] and Perspec-
tiveFields [25] for camera calibration, and then unproject the images into 3D point clouds. In the
canonical 3D world, we recognize the absolute 3D location of each object and camera.

Evaluation Metric. By using the 3D information extracted, we can effectively analyze the differ-
ences between generated spatial states and desired ones. Based on the difference, we determine the
correctness of the generated image. Specifically, our evaluation metric is computed in 3 steps:

Step 1 - Object Presence Check: First, we need to confirm if the target objects actually appear in
the image. For this, we adopt the method from GenEval [15], using object detection to verify the
object’s presence. To be precise, we use the Grounded-SAM [48] model to detect the object category
specified in the prompt within the generated image. If this model fails to detect the target object with
its default confidence threshold, the sample is directly marked as a failure and scored as 0.

Step 2 - Spatial Difference Analysis: For every textual prompt or editing instruction, we can predefine
the intended target spatial state. To measure how much the generated image deviates from this target,
we compare the desired spatial state with the 3D information extracted from the synthesized image.
This comparison is conducted across three key dimensions: Absolute Orientation Difference (°),
Relation Correctness (Yes/No), and Absolute Relative Distance Error (%).

Step 3 - Quantitative Score Mapping: To quantitatively assess the overall correctness of an image’s
spatial state, we map these three types of differences into [0,100] scores. Specifically: For orientation,
differences within 30° receive a score of 100. For differences from 30° to 45°, the score linearly
decreases to 0. For relation, Yes (correct) scores 100, and No (incorrect) scores 0. For distance,
relative errors within 33% are scored as 100. For errors from 33% to 44%, the score decreases to
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Evaluator
Spatial Pose Spatial Relation Spatial Measurement

Ave.
Camera Object Complex Ego. Allo. Intri. Size ObjDist CamDist

Gemini-2.5-Pro 58.0 56.0 54.0 76.0 50.0 48.0 67.0 47.0 52.0 56.44
GPT-4o 49.0 45.0 54.0 83.0 42.0 46.0 49.0 58.0 53.0 53.22
GPT-o3 45.0 53.0 54.0 92.0 45.0 44.0 52.0 69.0 48.0 55.78

Ours 87.0 86.0 86.0 96.0 73.0 56.0 65.0 71.0 66.0 76.22

Table 3: Human alignment of different evaluators on spatial understanding, showing their accuracy
on manually labeled data. The best results are highlighted in bold.

0. Finally, for sub-domain cases that require evaluating multiple conditions simultaneously4 (e.g.,
complex poses often depend on both relation correctness and orientation difference), the respective
scores are multiplied together as the final score.

4 Human Alignment of Metrics

To verify the effectiveness of our evaluation pipeline and metric, we evaluate how different metrics
align with human perceptions.

Testing Data. For this purpose, three human annotators collect and label 100 generated images
for each sub-domain (50 for text-to-image generation and 50 for image editing). Three human
annotators label these images using three categories: "Correct", "Partially Correct", and "Incorrect".
Furthermore, to ensure label balance, we maintain a roughly similar distribution of these labels within
each set of 100 samples per sub-domain. In summary, we have a total of 900 manually annotated
samples. We use this test set to evaluate how different metrics align with human judgments.

Alternative Scoring Methods. Recent visual generation benchmarks predominantly use advanced
VLMs for evaluation. Therefore, we employ three state-of-the-art VLMs, Gemini-2.5-pro [17],
GPT-4o [40], and GPT-o3 [41] as comparative baselines. These VLMs are tasked with analyzing
the spatial adherence of generated samples to the given text or image-text prompts and assigning a
score from 0 to 100 to each sample. To align the fine-grained continuous scores with this categorical
system for comparison, we map scores as follows: 0 to "Incorrect," (0, 100) to "Partially Correct,"
and 100 to "Correct." Finally, we measure how well each method aligns with human perception by
comparing its accuracy against manual human labels.

Results. Tab. 3 presents the comparative results of different evaluators’ alignment with human
judgment. Overall, our spatial expertise pipeline and corresponding metric demonstrate a stronger
correlation with human recognition. Across sub-domains, our method achieves 76.22% average
agreement with manual labels, while the most advanced VLM, Gemini-2.5-Pro, achieves only 56.44%.
These comparisons highlight the shortcomings of current VLMs in allocentric perspective reasoning
and quantitative spatial measurement, underscoring the necessity of our specialized evaluator.

5 Evaluation Results

5.1 Experiment Settings

We evaluate 8 models for text-to-image generation: 6 expertise models (SD-1.5 [49], SD-XL [44],
DALL-E 3 [5], SD-3.5 [10], FLUX.1-dev [28], and Seedream-3.0 [13]) and 3 unified models
(Bagel [9],Gemini-2.0-Flash [16] and GPT-4o [40]). For image editing, we evaluate 6 models: 4
expertise models (InstructPix2Pix [6], ICEdit [71], Step1X-Edit [35], and SeedEdit [52]) and 2
unified models (Gemini-2.0-Flash [16] and GPT-4o [40]). For inference, we employ the official
default configuration for each model with fixed random seeds. All experiments are conducted on May
10, 2025.

4The detailed spatial state conditions required by each sub-domain are provided in the Appendix.
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Model
Spatial Pose Spatial Relation Spatial Measurement Ave.

Rank
Arena
ELOCamera Object Complex Ego. Allo. Intri. Size ObjDis CamDis

Expertise Generative Model

SD-1.5 31.08 22.10 3.35 52.33 9.80 11.97 24.97 34.36 31.13 7.3 587
SD-XL 33.66 25.03 9.52 46.15 16.38 8.87 23.89 33.76 22.75 7.7 841

DALL-E 3 50.37 46.81 10.92 65.74 17.45 16.63 30.32 41.91 25.69 4.7 937
SD-3.5-L 42.85 31.48 5.90 73.03 11.15 23.55 31.03 33.05 24.83 5.3 1028

FLUX.1-dev 40.42 31.11 12.28 63.39 13.17 19.40 29.16 30.72 31.98 5.4 1046
Seedream-3.0 53.75 61.62 13.70 84.84 18.56 17.02 26.24 30.89 26.13 4.0 1149

Unified Generative Model

Bagel 43.34 46.65 13.47 72.10 22.53 19.12 30.77 36.86 29.01 3.6 -
Gemini-2.0-Flash 54.77 52.93 10.92 81.85 17.50 14.07 24.61 28.04 31.13 4.9 962

GPT-4o 59.41 62.72 25.01 94.55 21.21 19.08 30.47 41.33 35.19 1.8 1152

Table 4: Benchmarking the spatial awareness within text-to-image generation.

Model
Spatial Pose Spatial Relation Spatial Measurement Ave.

RankCamera Object Complex Ego. Allo. Intri. Size ObjDis CamDis

Expertise Generative Model

InstructP2P 5.02 4.49 0.00 55.71 43.36 8.44 8.33 4.09 3.96 5.9
ICEdit 4.04 5.61 0.23 63.36 42.40 12.52 9.37 5.35 5.46 4.8

Step-Edit-X 3.78 5.70 0.02 70.01 30.06 14.45 18.03 4.65 3.28 5.4
SeedEdit 23.51 16.03 0.78 85.91 34.33 22.49 11.46 7.03 8.80 2.7

Unified Generative Model

Bagel 45.37 49.55 0.77 78.51 38.74 17.03 11.11 6.79 4.94 3.4
Gemini-2.0-Flash 46.81 38.12 0.17 81.19 33.88 18.50 7.02 5.04 8.63 4.0

GPT-4o 54.38 49.94 1.80 88.47 33.62 20.55 14.05 9.97 14.45 1.8

Table 5: Benchmarking the spatial awareness within instruction-based image editing.

5.2 Text-to-Image Generation Results

In Tab. 4, we present the evaluation results for text-to-image generation tasks. Note that, to provide
a reference for models’ general capabilities, we also report the Arena ELO score 5 in Artificial
Analysis [2], a model ranking board maintained by lots of human users. Generally, the model
rankings on our benchmark align well with human rankings of their overall capabilities, which
supports the reliability of our benchmark. Specifically, we find that unified generative models
perform better than dedicated image generation models with similar ELO scores, possibly due to the
general cognitive improvements gained from unifying image and text inputs. Furthermore, we also
observe that closed-source models (DALL-E 3, Seedream-3.0, Gemini-2.0-Flash, and GPT-4o) still
comprehensively outperform their open-source counterparts.

Regarding individual dimensions: 1) For spatial pose, even the best models are only about 60%
accurate in understanding basic front, back, left, and right views of objects, and the accuracy
drops significantly in complex multi-object scenes. 2) For spatial relations, models handle intuitive
egocentric relationships almost perfectly. However, they perform very poorly on egocentric-to-
allocentric views transformation or intrinsic relationships understanding. 3) For spatial measurement,
almost all models struggle to generate images with specific, quantitative measurements.

5.3 Instruction-based Image Editing Results

Tab. 5 includes the evaluation results for instruction-based image editing. Overall, the unified
generative model shows similar advantages and limitations across different evaluation dimensions as
in the text-to-image generation task, highlighting the connection between our benchmarks for both

5Arena ELO score in May 10, 2025

8



a) Camera Pose b) Object Pose c) Egocentric Relation d) Allocentric Relation e) Object Distance f) Camera Distance

Front Back Left Right None Front Back Left Right None Front Back Left Right None Front Back Left Right None 0.5m 1.0m 1.5m 2.0mNone 1.0m 2.0m 3.0m4.0m None

Figure 3: Impact of varying spatial conditions on the spatial states of generated samples. The
horizontal axis shows the spatial conditions specified in the prompt, with colored bars representing
the resulting spatial states for each condition. Statistics derived from GPT-4o’s text-to-image outputs
on 6 sub-domains, and analysis of other models in the Appendix.

tasks. Furthermore, GPT-4o performs best across most sub-domains, demonstrating a next level of
general generative capability compared to other models, while its absolute spatial reasoning still has
significant room for improvement.

Notably, we find that some specialized editing models are almost completely ineffective at modifying
existing spatial pose and shape. We infer this is due to the limitations of current open-source editing
training data. Most existing instruction-based editing data [6, 61, 69] focuses on simple modifications
like changing color, adding/removing objects, or style transferring while strictly keeping the overall
image structure. This focus on simplified tasks limits their capability in spatial structure edits. Unified
generative models, in contrast, are trained on broader data for both generation and editing, and tend
to regenerate images based on instructions rather than merely modifying them.

5.4 Core Limitations in SoTA Model

Beyond analyzing the final scores for model strengths and challenging sub-domains, we also dive into
detailed error analysis, visualized in Fig. 3. Combined with the overall results of each sub-domain,
we summarize the core limitations of current state-of-the-art generative models regarding spatial
understanding as follows:

Limitation in camera location understanding. Fig. 3 a illustrates that generative models struggle
to distinguish between side views (e.g., "right/left view") of objects. However, directly stating the
wanted orientation in the final image (e.g., "facing right/left") significantly reduces this confusion,
despite describing the same spatial state. This suggests that current models favor direct, object-centric
descriptions. Their weakness in indirect spatial reasoning and camera position understanding hurts
their capacity for complex prompts and spatial control.

Limitation in egocentric-allocentric transformation. From Fig. 3 c and d, we observe that
even models like GPT-4o still limited to egocentric thinking for object relationships. When given
allocentric prompts, the model often reverses the left/right condition. This stems from models’
tendency to generate objects facing the viewer, which inverts the object’s left/right relative to the
viewer’s. Thus, despite providing explicit object-centric instructions, models still default to a simple
egocentric (image-based) understanding.

Limitation in understanding metric measurement. Tab. 4 and 5 show that current models are
largely unable to understand or adhere to quantitative 3D spatial measurements. This limitation is
even more apparent in Fig. 3 e and f. Specifying different measurements has little effect on the final
generated results. Considering the wide applicability of precisely and quantitatively controlling the
image layout, quantitative spatial awareness is a crucial area for improvement.

6 Conclusion

In this work, we introduce GenSpace to assess whether current rapidly developing image generative
models can control spatial layout in images as human photographers. To this end, we curate
benchmarks for spatial awareness over three core dimensions under both text-only and text-image-
mixed input. Moreover, we propose a more rigorous evaluation pipeline and metric specifically

9



for spatial understanding. In human studies, our proposed metric exhibits stronger alignment with
human perceptions compared to advanced VLMs. After benchmarking several representative image
generative models, we find that the unified generation model GPT-4o, while performing best overall,
still shows significant limitations in understanding 1) camera location, 2) perspective transformations,
and 3) metric measurements. We hope our empirical findings and insights can guide future research
towards achieving stronger spatial control in AI image generation.

Limitation and Future Work. We are continuously adding results from more image generative
models to GenSpace. We will integrate more advanced visual foundation models when they are
released, aiming to make our evaluation pipeline more robust.
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1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Refer to our abstract and introduction.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: Refer to Section 6.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Justification: The paper does not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Refer to Section 4 and 5.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: Data and code are provided.
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• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: Refer to Section 4 and 5.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Our evaluator is deterministic.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
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• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [No]
Justification: We do not train a new model.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: Codes are provided.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: Refer to Section 6.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: We do not propose a new model.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [NA]
Justification: Paper does not use existing assets.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
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Answer: [Yes]

Justification: The introduced new assets are well documented.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: Refer to Section 4.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: No potential risks.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
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Justification: Refer to Section 4.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Detailed scoring criteria for each sub-domain.

In Tab.6, we show the demand for spatial difference for different subdomains.

A.1 Spatial Pose

For the two subdomains Camera Pose and Object Pose [62, 18], there is only one object in the image,
and the criterion for judging is the orientation of the object, so there is only one difference that
needs to be introduced, orientation difference. For Complex Pose, which involves multiple objects,
it is necessary to maintain the side-by-side and same orientation relationship of these objects in
the text-to-image generation task; while in the image editing task, it is necessary to maintain the
general spatial relationship between the objects before and after editing without any major changes.
Therefore, in addition to orientation difference, it is necessary to introduce relation difference.

A.2 Spatial Relation

All three subdomains of this dimension encompass multiple objects. Both orientation and relation
differences are required in the scoring stage.

A.3 Spatial Measurement

In this domain, Distance Difference is necessary in order to measure the length/width/height/volume
of an object. Besides, Orientation difference is required for the subdomain of Object Size, because we
consider the measure parallel to the front-back direction of an object as length, the measure parallel
to the left-right direction of an object as width, and the measure parallel to the top-bottom direction
of an object as height. Therefore, for the scoring of Object Size, we need to distinguish the length,
width and height of an object by its orientation.

Domain Sub-domain Orientation Diff. Relation Diff. Distance Diff.

Spatial Pose
Camera Pose ! % %

Object Pose ! % %

Complex Pose ! ! %

Spatial Relation
Egocentric ! ! %

Allocentric ! ! %

Intrinsic ! ! %

Spatial Measurement
Object Size ! % !

Object Distance % % !

Camera Distance % % !

Table 6: Difference required for each sub-domain

B Impact of Spatial Conditions for More Models

Limitation in camera location understanding. As shown in sub-Fig.a and sub-Fig.b of Figs.4 to
10, most models also suffer from a lack of understanding of distinguishing between side views (e.g.
"right/left view") of objects.

Limitation in object location understanding. In addition, the FLUX.1-dev, SD-XL, SD-1.5, and
SD-3.5-L show a very clear shortcoming in understanding object orientation (both from the camera
pose and the object pose). In most cases they just directly draw the object in front view, no matter
what the prompt is.

Limitation in egocentric-allocentric transformation. The sub-Fig.c and sub-Fig.d of Figs.4 to
10 illustrate that the other models are almost exclusively limited to egocentric thinking for object
relationships, similar to the GPT-4o.
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Limitation in understanding metric measurement. As with GPT-4o, the other existing models,
almost all of them, are incapable of understanding information from quantitative spatial measurements.
In particular, the 2m in Object Distance and the 4m in Camera Distance are almost rarely generated
by the models, even if prompt tells them to do so, as show in the sub-Fig.e and sub-Fig.f of Figs.4 to
10.

Figure 4: Impact of varying spatial conditions on the spatial states of generated samples from Gemini-
2.5-Pro.

Figure 5: Impact of varying spatial conditions on the spatial states of generated samples from
Seedream-3.0.

Figure 6: Impact of varying spatial conditions on the spatial states of generated samples from
FLUX.1-dev.

Figure 7: Impact of varying spatial conditions on the spatial states of generated samples from DALL-
E 3.
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Figure 8: Impact of varying spatial conditions on the spatial states of generated samples from SD-XL.

Figure 9: Impact of varying spatial conditions on the spatial states of generated samples from SD-1.5.

Figure 10: Impact of varying spatial conditions on the spatial states of generated samples from
SD-3.5-L.
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C Visualization of Text-to-image Generation Benchmark

In this section, we show the 36 small generation tasks (each subdomain contains 4 tasks) that we
covered in the Text-to-image Generation Benchmark. Each task contains eight images generated by
eight models prompted by the same instruction. The images that match the instruction are labeled
with green boxes, those that do not match are labeled with red models, and those that are partially
correct are labeled withyellow boxes.

There is a kid. The frontal view of the kid.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a elephant. This image provides a clear view of the rear portion of a elephant

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a bird. A side profile of the bird, focusing on its left side.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a man. A side profile of the man, focusing on its right side.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 11: Visualization of Text-to-image Generation Benchmark on the subdomain Camera Pose
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There is a couch. For us observers (who did not appear on the way), couch is facing us.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a car. For us observers (who did not appear on the way), car is facing away from us.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a sheep. The sheep is orienting to direction that is parallel to the left of the 

camera(which did not appear on the way).

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a turtle. The turtle is orienting to direction that is parallel to the right of the 

camera(which did not appear on the way).

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 12: Visualization of Text-to-image Generation Benchmark on the subdomain Object Pose

There are a squirrel and a truck. Both the squirrel and the truck are oriented to the 

front, standing side by side.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a motorcycle and a sheep. Both the motorcycle and the sheep are oriented 

to the left, standing side by side.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a pig and a sheep. Both the pig and the sheep are oriented to the right, standing 

side by side.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a woman and a squirrel. Both the woman and the squirrel are oriented to the back, 

standing side by side.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 13: Visualization of Text-to-image Generation Benchmark on the subdomain Complex Pose
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There are a bus and a pig. The bus is in front of the pig. The bus looks 

closer to us observers (who did not appear on the way).

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a train and a kid. The train is in the background, while the kid 

looks closer to the camera.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a woman and a doctor. In the observer's line of sight, the woman is 

distinctly on the left relative to the doctor.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a cat and a sheep. As seen by the observer, the cat lies on the 

right while the sheep is on the left.

Figure 14: Visualization of Text-to-image Generation Benchmark on the subdomain Egocentric
Relation

There are a cat and a pig. The cat views the pig that is placed squarely in front of 

it, from the perspective of the cat.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a sheep and a zebra. From the perspective of the sheep, the zebra is located 

directly behind it.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a horse and a truck. From the perspective of the horse, the truck is directly 

to its left.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a giraffe and a refrigerator. The refrigerator positioned to the right side of 

the giraffe, from the giraffe's point of view.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 15: Visualization of Text-to-image Generation Benchmark on the subdomain Allocentric
Relation
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There are a dog and a woman. Two objects, the dog and the woman, standing next 

to each other, both looking in the same direction.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a fireman and a tiger. The fireman and the tiger placed side by side, each 

oriented in opposite directions.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a car and a pig. The car and the pig arranged to face each other, creating an 

engaging interaction between the two.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a giraffe and a elephant. The giraffe and the elephant placed in a back-to-back 

arrangement.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 16: Visualization of Text-to-image Generation Benchmark on the subdomain Intrinsic
Relation

There are two car. One car is significantly larger—0.2 times the size of the other.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are two woman. Two woman are shown, with one being 20cm higher than the other.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are two car. One car is noticeably 50cm longer than its counterpart.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are two sheep. Two sheep, one's width is 30cm wider than the other's.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 17: Visualization of Text-to-image Generation Benchmark on the subdomain Object Size
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There are a sheep and a cow. The distance between the sheep and the cow is defined as 0.5 meter.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a woman and a clock. The woman and the clock are standing exactly 1 meters apart from each other.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a dog and a horse. The dog is placed 1.5 meters away from the horse.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There are a monkey and a tiger. The monkey maintains a distance of 2 meters from the tiger.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 18: Visualization of Text-to-image Generation Benchmark on the subdomain Object Distance

There is a piano. This shot shows a piano, taken from around 1 meter away.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a car. From this angle, the car is visible at a distance of roughly 2 meters.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a woman. A woman is photographed from a viewpoint that is about 3 meters distant.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

There is a motorcycle. A motorcycle is photographed from a viewpoint that is about 4 meters distant.

SD-1.5 SD-XL DALL-E 3 SD-3.5-L FLUX.1-dev Seedream-3.0 Gemini-2.0-Flash GPT-4o

Figure 19: Visualization of Text-to-image Generation Benchmark on the subdomain Camera Dis-
tance
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D Visualization of Instruction-based Image Editing Benchmark

In this section, we show the 36 small edit tasks (each subdomain contains 4 tasks) that we covered in
the Instruction-based Image Editing Benchmark. Each task contained one original image, and six
images edited by six models from the same text prompt. The images that match the instruction are
labeled with green boxes, those that do not match are labeled with red models, and those that are
partially correct are labeled withyellow boxes.

There is a man. Obtain the front view of man.

There is a dog. Obtain the left-side view of dog.

There is a cat. Adjust the perspective to get the right-facing side of the cat.

There is a giraffe. Obtain the back view of giraffe.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 20: Visualization of Instruction-based Image Editing Benchmark on the subdomain Camera
Pose
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There is a zebra. Rotate the zebra, making it face forward.

There is a bear. Rotate the bear, making it face leftward. Rotate the bear, making it towards 

the left side, from the perspective of us observer(who did not appear on the way).

There is a monkey. Rotate the monkey, making it face rightward. Rotate the monkey, making it towards 

the right side, from the perspective of us observer(who did not appear on the way).

There is a woman. Keep the other backgrounds unchanged and turn woman to face away 

from us (who did not appear on the way), from the perspective of us observer.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 21: Visualization of Instruction-based Image Editing Benchmark on the subdomain Object
Pose

There are a motorcycle and a doctor in the image. View them from the front of the motorcycle.

There are a dog, a bear and a pig. Move the camera(the observer who did not appear on the 

way) so that it looks at them from the rear of the pig.

There are a policeman and a cow in the image. Rotate the camera(the observer who did not appear on 

the way)'s viewing angle so that the camera views them from the left of the policeman.

There are a giraffe and a bear in the image. Move the camera(the observer who did not 

appear on the way) so that it looks at them from the right of the giraffe.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 22: Visualization of Instruction-based Image Editing Benchmark on the subdomain Complex
Pose
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There is a refrigerator. From the perspective of camera(the observer who did 

not appear on the way), add zebra to be directly in front of refrigerator.

There is a dog. From the perspective of camera(the observer who did not appear 

on the way), add oven to be directly on the left side of dog.

There is a computer. From the perspective of camera(the observer who did not 

appear on the way), add shoe to be directly on the right side of computer.

There is a sheep. Position a truck so that it is directly behind sheep, from the 

perspective of camera(the observer who did not appear on the way).

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 23: Visualization of Instruction-based Image Editing Benchmark on the subdomain Egocentric
Relation

There is a dog. From the dog's perspective, add laptop so that it is positioned ahead of dog.

There is a fox. From the fox's perspective, add tv so that it is positioned to the left of fox.

There is a dog. Place pig on the right-hand side of dog, from the dog's perspective.

There is a elephant. From the elephant's perspective, add train to be directly at the back of elephant.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 24: Visualization of Instruction-based Image Editing Benchmark on the subdomain Allocentric
Relation
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There is a elephant. Set a lion alongside the elephant, ensuring they face the 

same direction and remain side by side.

There is a car. Insert a lion next to the car, ensuring both objects are positioned 

side by side and oriented in the opposite direction.

There is a cow. Place a bicycle near the cow. Make sure they are facing each other.

There is a horse. Set a cow behind the horse, ensuring they are both back-to-

back to each other.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 25: Visualization of Instruction-based Image Editing Benchmark on the subdomain Intrinsic
Relation

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

There is a elephant. Increase the size of elephant to 1.2 times its original size.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

There is a dog. Raise dog's height by 20cm

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

There is a lion. Enlarge the lion in length by 50cm.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

There is a piano. Enlarge the piano in width by 40cm.

Figure 26: Visualization of Instruction-based Image Editing Benchmark on the subdomain Object
Size
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There is a dog. Adjust the position of the dog to be 1 meter nearer to us 

observer(who did not appear on the way).

There is a motorcycle. Set up the motorcycle to shift its location 1 meter away from 

us observer(who did not appear on the way).

There is a woman. Ensure the woman relocates exactly 1 meter to the left, from 

the perspective of us observer(who did not appear on the way).

There is a piano. Ensure the piano relocates exactly 1 meter to the right, from the 

perspective of us observer(who did not appear on the way).

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 27: Visualization of Instruction-based Image Editing Benchmark on the subdomain Object
Distance

There is a piano. Shift the camera(the observer who did not appear on the 

way)'s position 1 meter forward to the piano.

There is a bedside table. Move the camera(the observer who did not appear 

on the way) leftward by 1 meter.

There is a car. Move the camera(the observer who did not appear on the way) 

by 1 meter in the right direction.

There is a chair. Move the camera(the observer who did not appear on the way) 

backward by 1 meter from its current position, making it away from the chair.

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Source Image InstructP2P ICEdit Step-Edit-X SeedEdit Gemini-2.0-Flash GPT-4o

Figure 28: Visualization of Instruction-based Image Editing Benchmark on the subdomain Camera
Distance
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E More Result on human alignment of different evaluators

Evaluator
Spatial Pose Spatial Relation Spatial Measurement

Ave.
Camera Object Complex Ego. Allo. Intri. Size ObjDist CamDist

qwen-vl-max 36.0 58.0 51.0 79.0 48.0 33.0 47.0 56.0 60.0 52.00
claude-3-7-sonnet-thinking 51.0 59.0 48.0 89.0 47.0 39.0 56.0 62.0 60.0 56.78

Table 7: Human alignment of different evaluators on spatial understanding, showing their accuracy
on manually labeled data.
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