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Figure 1. Depth and height perception capability of existing VLM. Here, we show failure cases of GPT-4V in understanding depth and
height on GeoMeter, our proposed suite of benchmark datasets.

Abstract

Geometric understanding—including depth and height per-
ception—is fundamental to intelligence and crucial for nav-
igating our environment. Despite the impressive capabil-
ities of large Vision Language Models (VLMs), it remains
unclear how well they possess the geometric understand-
ing required for practical applications in visual perception.
In this work, we focus on evaluating the geometric under-
standing of these models, specifically targeting their ability
to perceive the depth and height of objects in an image. To
address this, we introduce GeoMeter, a suite of benchmark
datasets—encompassing 2D and 3D scenarios—to rigor-
ously evaluate these aspects. By benchmarking 18 state-
of-the-art VLMs, we found that although they excel in per-
ceiving basic geometric properties like shape and size, they
consistently struggle with depth and height perception. Our
analysis reveal that these challenges stem from shortcom-
ings in their depth and height reasoning capabilities and
inherent biases. This study aims to pave the way for de-
veloping VLMs with enhanced geometric understanding by
emphasizing depth and height perception as critical compo-
nents necessary for real-world applications.

1. Introduction
In recent years, the AI community has significantly focused
on integrating visual and natural language inputs, notably in
Visual Question Answering (VQA) systems. These systems

analyze images and answer questions about them, show-
ing substantial advancements in understanding basic visual
concepts such as shape identification [19], object detection
[40], and the spatial relationships [5, 17, 22] by using large
Visual Language Models (VLMs). These models have ex-
celled in processing complex text and visual inputs due to
their strong visual understanding capability, leading to ap-
plications in image captioning, visual question answering,
image text retrieval, and so on.

The ability to understand visual properties such as size,
shape, depth, and height is fundamental to visual under-
standing, yet many existing Visual Question Answering
(VQA) benchmarks [5, 11, 17, 22, 35] do not specifi-
cally focus on the depth and height perception capabilities
of Vision Language Models (VLMs). Accurate perception
of these dimensions is vital for practical applications like
surveillance, navigation, and assistive technologies. The
lack of accurate depth and height understanding in VLMs
can lead to serious consequences, such as misjudging the
proximity of objects, which could result in catastrophic out-
comes in real-world scenarios.

Despite VLMs’ abilities to recognize object shapes and
sizes, their depth and height reasoning often relies on
learned size/shape cues rather than actual spatial analysis,
potentially influenced by biases from training data [16].
Alternatively, models might estimate the depth based on the
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apparent size of objects, without genuine inter-object rea-
soning. An example illustrated in Figure 1 shows how GPT-
4V [27], one of the most popular closed-source VLMs,
struggles with depth and height perception in images fea-
turing basic 2D or 3D objects. The model is just randomly
answering without correctly assessing the spatial relation-
ship between the objects, relying on visual cues that con-
flict with their actual arrangement. Additional examples in
Figure 1 further demonstrate GPT-4V’s failures in perceiv-
ing depth and height. These limitations highlight the need
to explore such shortcomings more thoroughly and develop
targeted benchmarks and training strategies that can better
equip VLMs to handle complex, real-world environments
with accurate depth and height perception.

In this paper, we aim to evaluate the depth and height rea-
soning capabilities of Vision Language Models (VLMs) to
identify their strengths and limitations in visual perception.
While auxiliary sensors play a crucial role in depth estima-
tion and other alternative methods of estimating depth and
height may outperform visual language models (VLMs) in
specific tasks, our research aims to assess the standalone
capabilities of VLMs rather than suggesting their replace-
ment. To achieve this, we design GeoMeter, a suite of syn-
thetic benchmark datasets focusing on 2D and 3D scenarios,
named GeoMeter-2D and GeoMeter-3D respectively. These
probing datasets, feature basic shapes, such as rectangles,
circles, cubes, and cylinders, and are crafted to test the vi-
sual reasoning capabilities of VLMs. The development of
synthetic datasets is motivated by concerns about test-time
data leakage, where large VLMs, trained on vast datasets,
might encounter images during testing that they have al-
ready seen during training. We prioritize clean, program-
matically generated data over mere size to ensure that the
evaluation is not compromised by dataset familiarity. This
controlled approach minimizes the risk of data leakage and
enables a more focused and precise assessment of VLMs’
understanding of depth and height, free from the confound-
ing influence of real-world cues present in many publicly
sourced datasets. To this end, our probing datasets consist
of around 4k unique images and 11.2k image text pairs, de-
signed to probe depth and height reasoning in VLMs.

We extensively analyze our proposed suite of benchmark
datasets on 18 recent open-source and closed-source models
for the VQA task. Our findings reveal several key insights:
(1) While VLMs demonstrate basic geometric understand-
ing, they struggle significantly with depth and height per-
ception tasks. (2) Models generally show better depth per-
ception than height, likely due to the more common and
simpler depth cues like occlusion and perspective, which
are prevalent in training datasets, making depth easier to
process than the more complex cues required for accurate
height estimation. (3) The lack of depth and height percep-
tion ability stems from the models’ intrinsic visual reason-

Table 1. Dataset statistics of our proposed benchmark suites.

Dataset Perception
Task Description Images

Img-
Text
pairs

GeoMeter-
2D

Depth Determine which object
is on the top. 1200

4800
Height

Provide height ordering
from shortest to tallest
among given stacks

1200

GeoMeter-
3D

Depth Determine which object
is closer to the camera. 800

6400
Height

Provide height ordering
from shortest to tallest
among given stacks

800

ing abilities rather than the level of prompt detail. (4) In-
herent biases are evident in models’ responses when faced
with advanced perception tasks.

Overall, our contributions can be summarized as follows:
• We examine the depth and height reasoning abilities of

VLMs, identifying strengths, limitations, and areas for
improvement in visual perception tasks.

• Our analysis spans 18 VLMs, both open-source and
closed-source, revealing behavioral patterns and biases in
depth and height perception.

• To support this evaluation, we introduce GeoMeter, com-
prising two datasets - GeoMeter-2D and GeoMeter-3D -
that test VLMs on depth and height perception tasks.

2. Related Works

Visual Language Models (VLMs). The field of AI has
undergone a significant transformation with the advent of
vision language models (VLMs), which are trained on ex-
tensive multimodal datasets and are versatile across numer-
ous applications [3, 10, 20, 21, 24, 28, 31, 33]. These
models have shown remarkable performance in language
and vision-related tasks, e.g. recognition, reasoning, etc.
VLMs are models with a pre-trained LLM backbone and a
vision encoder; which are aligned by using different meth-
ods. Recent closed-source VLMs such as GPT-4 [27],
Gemini [13], Claude [2] showcase a strong potential for
tasks that require understanding and processing information
across different modalities. Additionally, various openly
available VLMs such as LLaVA [24], LLaVA-NeXT [23],
Bunny [14] etc. also have comparative performance with
the closed-source models across different vision-language
tasks. All of these VLMs are trained on massive amount
of public and proprietary data, making them a strong per-
former of general reasoning.
Exploring Visual Reasoning Capability of VLMs. Pre-
vious works have extensively explored the spatial reason-
ing and object understanding capabilities of Vision Lan-
guage Models (VLMs), probing their ability to grasp object-
attribute relationships and spatial concepts like spatial rea-
soning through various benchmarks [11, 15, 17, 18, 22,
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29, 30, 35, 36]. However, specific geometric properties
such as depth and height perception have been largely
under-explored. While there are benchmarks that assess
geometric property understanding [6, 32, 38], they often
rely on mathematical knowledge and do not directly probe
these properties in the context of natural visual understand-
ing. Moreover, many of the datasets used in these stud-
ies [11, 18, 22, 29, 35, 36] are curated from pre-existing
datasets and/or the internet, which introduces the risk of
data leakage during testing, making it difficult to assess
VLMs’ true capability for depth and height reasoning. Al-
though synthetic datasets have been developed [17, 19];
they are not specifically tailored to tasks focusing on depth
and height understanding, further limiting their effective-
ness in thoroughly evaluating these advanced visual con-
cepts. Our proposed benchmark suite addresses this gap by
offering image-text pairs that target depth and height per-
ception, without relying on mathematical reasoning, pro-
viding a more focused assessment of VLMs in this area.

3. Benchmark
Our proposed suite of benchmark datasets consist of
GeoMeter-2D, and GeoMeter-3D datasets that are designed
to test model performance on depth and height perception
tasks, utilizing unique identifiers as diverse query attributes
for question generation. Table 1, and Figure 2 respectively
show the dataset statistics and sample images of our pro-
posed datasets. More samples from each dataset is given
in the appendix. In the following sections, we describe the
detailed data generation process for our benchmark.

3.1. Datasets
The generation process is divided into Image generation
(Section 3.1.1) and Question generation (Section 3.1.2).

3.1.1. Image Generation
Our proposed synthetic datasets are divided into two cate-
gories - Depth and Height, with each image containing a
real-world scene background to add realism while main-
taining controlled, programmatically generated content. We
generate images in two variety of scene density - 3 shapes
and 5 shapes, with each shape having one unique identifier
which is used as query attribute to refer to that certain object
while probing the VLMs’ depth and height perception.
GeoMeter-2D dataset includes 2400 images and 4800
unique questions, and is designed to test depth and height
perception through basic 2D shapes. The Depth category
features overlapping 3 or 5 geometric shapes, like rectan-
gles, triangles, and circles, positioned to create depth illu-
sions. Ground truth for these images is stored in a scene
graph that annotates each object’s shape, size, color, and
spatial positioning, including depth ordering through di-
rected edges connecting overlapping objects. Each object
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Figure 2. Samples from the proposed suite of benchmark
datasets. Here each samples are shown with random query
attributes- color and numeric label for GeoMeter-2D; and color
and material for GeoMeter-3D dataset.

is assigned a unique identifier based on color and numeric
labels. For the Height category, we generated scenes fea-
turing sequentially labeled 3 or 5 towers, each consisting
of four stacked rectangles. Each tower was created by ran-
domizing the height and width of the individual rectangles
to add variability to the scene. The bottom-most rectangle
in some images is placed on a black strip representing an
elevated platform, making the tower effectively shorter by
one rectangle in actual height but visually elevated. These
images are categorized into two subgroups: w/ step for tow-
ers placed on a platform and w/o step for towers directly
placed on the ground. This setup allows VLMs to be rig-
orously tested on height comparison tasks, requiring them
to correctly interpret both the visual cues of the towers’ ab-
solute and relative heights, and the additional complexity
introduced by the raised platforms. Each object in the scene
is uniquely identified by its color and label, and the scene
graph provides the ground truth, detailing the size, position,
and elevation of each tower.
GeoMeter-3D dataset consists of 1600 images and 6400
unique questions, created based on the existing CLEVR
dataset [17]. Scenes are generated using Blender [9],
with random jittering of light and camera positions to en-
sure variety. Objects in these scenes are annotated using
a scene graph, which records each object’s shape, size,
color, material (shiny “metal” or matte “rubber”), and po-
sition on the ground plane. The Depth category includes
randomly placed 3 or 5 cubes, spheres, and cylinders with
distinct colors and materials as unique identifiers. These
shapes are colored from a palette of eight colors and two
materials, with increased horizontal and vertical margins
than original CLEVR images between objects to reduce am-
biguous spatial relationships. The scene graph captures all
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[more information] Provide depth/height ordering for the shapes/towers 
<question items> in the image. [answer format instruction]

The image shows 2D shapes placed randomly. The shapes overlap each 
other, creating a depth effect. When two shapes are overlapping, the 
shape that is complete is defined to be on top of the partially hidden 
shape. Each 2D shape has a number written over them which we call 
ShapeID and must be inferred as the label for the corresponding shape. 
Provide depth ordering from top to bottom for the shapes '13, 92, 95' in 
the image. Answer in the format: 'ShapeID, ShapeID, ...'. For eg. '3, 1, 2' 
is a valid answer format. 

Prompt Template

Q. From the given options: {answer_set}, select 
the correct answer (ONLY output the answer).
A. 92, 13, 95 D.      92, 95, 13
B. 13, 92, 95 E.      13, 95, 92
C. 95, 13, 92 F.       95, 92, 13

Q. Given the predicted depth ordering as '13, 92, 
95', evaluate the prediction as Correct or 
Incorrect.
Ans. Correct

Prompt Example

MCQ

True/False

GeoMeter-2D (Depth)

The image shows 3D cubes stacked on top of each other. There are 
multiple stacks in the image. If there is a black cube at the bottom of the 
stack, then that is considered as the ground level, and the stack lies on 
top of it. The height of each stack is measured from its base. Each 3D 
shape has a unique color. The stacks are labelled A, B, C,… from left to 
right. Now order the stacks labelled ‘A, B, C’ from shortest to tallest. 
Answer in the format: 'StackLabel, StackLabel, ...'. For eg. 'B, A, C' is a 
valid answer format.

Q. From the given options: {answer_set}, select 
the correct answer (ONLY output the answer).
A. B, C, A D.      A, C, B
B. C, B, A E.      B, A, C
C. C, A, B F.       A, B, C

Q. Given the predicted depth ordering as 'C, B, 
A’', evaluate the prediction as Correct or 
Incorrect.
Ans. Incorrect

Prompt Example

MCQ

True/False

GeoMeter-3D (Height)

[more information] Provide depth/height ordering for the shapes/towers 
<question items> in the image. [answer format instruction]

Prompt Template

Figure 3. Sample image-text pair from the datasets. Here, prompt template shows the basic template for each image-text pair in our
datasets, where the prompt example is the actual prompt for the image. The prompt example is appended with either MCQ or True/False
type question.

ground-truth information required to evaluate depth percep-
tion tasks, such as object distances and relative positions.
For the Height category, same as the GeoMeter-2D dataset’s
height category setup, we created scenes with 3 or 5 towers,
each consisting of four cubes stacked on top of each other.
We created a base tower mesh and randomized each cube’s
size, color, and material (either shiny “metal” or matte “rub-
ber”) for every image. Same as GeoMeter-2D, in some
scenes, the bottom-most cube is black and matte, represent-
ing an elevated platform. The ground truth for these images
is represented in the scene graph, detailing the exact size,
position, and elevation of each tower.

3.1.2. Question Generation
The method used for generating questions is consistent
across all our proposed datasets. Each question is a De-
scription prompt appended with an Answer format instruc-
tion. The description prompt contains some general in-
formation about the scene providing semantic cues to the
given image; followed by the actual question and answer
format instruction. For example, “[more information] Pro-
vide depth/height ordering for the shapes <question items>
in the image. [more information]” is a descriptive prompt.
This is followed by “From the given options: <answer

set>, select the correct answer [more information].” which
is an answer format instruction.

The question items is a list containing <query attribute>
appended by <shape>. Here <query attributes> is one of
the unique identifiers of the dataset. For example in the
question item “green metal cube”, “green metal” is the
<query attribute> and <cube> is the shape. The answer
set contains all possible valid values (<query attribute> +
<shape>) to that given prompt. To generate both the ques-
tion items and answer set, we read through the scene graph
and run depth-first search on it to generate valid unambigu-
ous values of object-pair relationship. For each image, there
are two types of questions - MCQ and True/False. Some
example prompts along with their corresponding image is
shown in Figure 3.

4. Experimental Setup
4.1. Vision Language Models
We perform our benchmark evaluation on 18 state-of-the-
art visual-language models. All of our chosen VLMs are
trained on very large (public and/or proprietary) datasets.
The selected VLMs can be categorized into 14 open-source
and 4 closed-sourced models.
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Table 2. Performance comparison of the studied models on proposed datasets. The reported results are averaged across depth and
height category, query attributes and scene density with top scores in bold. Average denotes average performance of both datasets. Here,
T/F denotes True/False type questions.

Model GeoMeter-2D GeoMeter-3D Average
MCQ T/F MCQ T/F MCQ T/F

O
pe

n

LLaVA 1.5 7B [23] 28.8 50.5 28.0 49.8 28.4 50.2
LLaVA 1.5 13B [23] 17.8 52.5 29.0 51.3 23.4 51.9
LLaVA 1.6 Mistral 7B [25] 22.1 52.2 26.7 48.7 24.4 50.5
LLaVA 1.6 Vicuna 7B [25] 17.1 51.7 28.6 50.0 22.9 50.9
LLaVA 1.6 Vicuna 13B [25] 28.2 54.2 32.5 52.7 30.4 53.5
Bunny-v1.0-3B [14] 24.1 50.1 17.1 37.1 20.6 43.6
Bunny-v1.0-4B [14] 24.2 52.6 19.9 39.3 22.1 46.0
Bunny-v1.1-4B [14] 26.6 52.3 26.9 44.4 26.8 48.4
Bunny-Llama-3-8B-V [14] 27.9 50.2 26.9 43.2 27.4 46.7
Fuyu-8B [4] 8.6 53.0 19.4 43.2 14.0 48.1
InstructBLIP-Flan-T5-XL [10] 10.8 47.4 37.5 52.1 24.2 49.8
InstructBLIP-Vicuna-7B [10] 28.3 49.0 38.1 53.8 33.2 51.4
LLaMA-Adapter-v2-Multimodal [12] 22.9 48.8 32.7 52.4 27.8 50.6
MiniGPT-4 [39] 25.0 50.4 39.4 56.3 32.2 53.4

C
lo

se
d

GPT-4V [1] 25.5 54.0 35.2 50.5 30.4 52.3
GPT-4o [1] 30.8 56.7 38.5 52.4 34.7 54.6
Claude 3 Opus [2] 29.0 51.9 36.2 49.9 32.6 50.9
Gemini 1.5 Pro [13] 28.8 54.5 36.5 51.0 32.7 52.8

Human evaluators 91.0 99.0 90.5 97.0 90.8 98.0

Open-source models. We evaluate a range of open-source
multimodal models: LLaVA [23, 24] and LLaVA-NeXT [25],
that combine CLIP [28] as a visual encoder with Vicuna [7]
language decoder; Fuyu-8B [4], an efficient model that in-
tegrates image patches directly into the transformer without
an image encoder; Bunny [14], a versatile model family of-
fering various combinations of vision encoders and LLM
backbones; InstructBLIP [10] builds on BLIP-2 [20] for vi-
sual instruction tuning; LLaMA-Adapter [12], a parameter-
efficient visual instruction model; and MiniGPT-4 [39],
which aligns BLIP-2 with Vicuna via a projection layer.
Closed-source models. We evaluated several closed-source
multimodal models: GPT-4 [27], which includes GPT-4V
and GPT-4o variants, both pre-trained on large datasets and
fine-tuned with RLHF [8]; Claude 3 Opus [2], demon-
strating competitive performance; and Gemini 1.5 Pro [13]
noted for surpassing GPT-4V across multiple benchmarks.

4.2. Human Evaluators
We conducted a preliminary human evaluation on our
benchmark datasets, involving three evaluators who as-
sessed 100 uniformly sampled data points from each sub-
category. Evaluators were shown one image and prompt at
a time, with tasks including multiple-choice and true/false
questions focused on depth and height ordering (example

illustrated in Figure 3). Their responses were compared
to ground truth to calculate accuracy scores, establishing a
baseline for human performance.

4.3. Evaluation Metrics

We evaluate our benchmark on the task of visual question
answering (VQA), with accuracy being the performance
metric on MCQ and True/False type questions. Evaluation
is done across query attributes and scene density for probing
the VLMs’ depth and height perception.

4.4. Implementation Details

All models are used in accordance to the provided evalu-
ation code and model weights. The closed-source models
were accessed through APIs provided through a paywall by
the corresponding developing teams. For MCQ, the order
of the given options are randomly generated, and ground
truth is always randomly placed in one of those options. We
have implemented already established practices [26, 34]
for creating options in multiple choice questions, random-
izing both the position and the quantity of these options (up
to 120 choices), and ensuring variability in the correct an-
swer’s location. For the True/False questions, the ground
truth is randomly selected between True and False.
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Figure 4. Depth and height perception performance on the proposed GeoMeter-2D and GeoMeter-3D dataset on MCQ and True/False
(T/F) questions. D and H respectively denote depth, height performance. For example, 2D(D) MCQ and 2D(H) MCQ corresponds to
respectively GeoMeter-2D depth and height performance on MCQ questions. Y-axis denotes the average performance across shape and
query attributes and X-axis denotes all the evaluated models. Darker color denotes better performance.
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Figure 5. Model behavior on basic understanding of shapes and size on our created GeoMeter-2D-Basic dataset (samples on the left).
Performance of selected models on this dataset is shown in right. Here, LU, SI, SC and SR respectively denote line understanding, shape
identification, shape counting and spatial reasoning. Y-axis denotes performance accuracy of different categories and X-axis denotes
evaluated models. Darker color denotes better performance.

4.5. Results

The performance of the selected models and human evalu-
ators on the VQA task for MCQ and True/False type ques-
tions on the proposed benchmark datasets are shown in Ta-
ble 2, where each model’s performance represents the aver-
age accuracy of depth and height perception across all dif-
ferent query attributes and scene density. Depth and height
category wise results are presented in Figure 4. Additional
results across all query attributes and scene density are re-
ported in the supplementary.

5. Analysis and Discussion

5.1. Model Behavior Analysis

Human evaluations confirm tasks are straightforward.
Despite the seemingly straightforward nature of depth and
height perception tasks for humans, current Vision Lan-
guage Models (VLMs) struggle to achieve comparable per-
formance. Our initial human evaluations on our datasets
show consistently high accuracy in both depth and height
perception tasks (Table 2, Figure 4), demonstrating that hu-
mans can effortlessly solve these tasks. In contrast, VLMs

exhibit significant limitations. This performance discrep-
ancy highlights that while these tasks may appear trivial
from a human perspective, they pose substantial challenges
for foundation models. Moreover, the human evaluation
serves as a baseline, indicating that these tasks should be
within the capability of an advanced AI system. This clear
gap in model performance underscores critical limitations
in VLMs’ visual reasoning, revealing that the models are
not yet equipped to handle even elementary geometric un-
derstanding without additional sensory input.

Models show basic visual reasoning capability but strug-
gles in advance perception tasks. We developed a spe-
cialized dataset called GeoMeter-2D-Basic containing 30
image-text pairs (some samples shown in Figure 5 left) to
evaluate the fundamental visual reasoning capabilities of
Vision Language Models (VLMs). This dataset focuses
on basic geometric tasks like line understanding, shape
recognition, shape counting, and assessing spatial relation-
ships between shapes. The initial assessments using MCQs
demonstrate high performance by models on these basic
tasks, as detailed in Figure 5 right. Despite this proficiency
in simple visual properties, results from Figure 4 highlight

3625



LLaVA 1.5 7B

LLaVA 1.6 Vicuna 13B

Bunny-Llama-3-8B-V
Fuyu 8B

InstructBLIP Flan T5 XL

GPT 4V

GPT 4o
Claude 3 Opus

Gemini 1.5 Pro

5
10

15
20

25
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Figure 6. Height perception is more challenging in stacked ob-
ject arrangements than depth. Here, ∆ denotes performance
gap between depth and height perception, which grows even larger
with stacked arrangement of objects, as opposed to single objects.
This suggests that while models struggle with height perception in
general, stacked objects further degrade their performance.

that these same models struggle significantly with depth and
height perception tasks involving similar shapes. This dis-
crepancy underscores the benchmark’s value in identifying
gaps in VLMs’ capabilities to handle more complex spatial
reasoning, beyond mere shape recognition.
Height perception poses greater challenges than depth
perception, especially in stacked object arrangements.
The superior performance of models in depth perception
tasks, as compared to height perception (Figure 4 row 1,2
vs row 5,6) is likely due to the availability of simpler
depth cues—such as occlusion and perspective—in training
datasets, which are relatively easy for VLMs to interpret.
In contrast, we hypothesize height perception is more com-
plex, requiring analysis of vertical object placement and re-
lationships between object sizes in stacked arrangements.
To further support our hypothesis, our analysis of single
and stacked objects from the GeoMeter-3D dataset reveals
(Figure 6) that while the performance gap between depth
and height tasks is minor for single objects, there is a sub-
stantial decline in performance for height tasks with stacked
objects. This pattern suggests that height perception, es-
pecially with multiple objects stacked vertically, poses a
greater challenge for VLMs than depth perception.
Models’ limitation is due to inherent reasoning capabil-
ity and not insufficient prompt detail. To provide mod-
els with additional contextual information regarding visual
cues with the help of intermediate reasoning, we imple-
mented chain-of-thought prompting following [37]. Chain
of thought prompting enhances problem-solving by guiding
models through logical reasoning steps, similar to human
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Figure 7. Performance gain with chain of thought prompting
over standard prompting on subset of GeoMeter-3D dataset.

cognitive processes.
To evaluate its effectiveness, we selected a subset (100

image-text pairs) from the GeoMeter-3D dataset’s depth
category and created chain-of-thought prompts with inter-
mediate reasoning steps. Testing top-performing models
with these prompts showed only slight performance im-
provements (Figure 7), despite the highly detailed nature of
these prompts (Figure 8). This marginal improvement sug-
gesting that the models may already perform some internal
reasoning with standard prompts. The findings indicate that
limited depth and height perception performance is due to
inherent model limitations in spatial understanding, under-
scoring the need for architectural advancements rather than
solely relying on prompt engineering.

5.2. Model Bias Analysis

We conducted further analysis on the type of prompts to
study any inherent biases in the models could be influ-
encing their performance on MCQ and True/False type
questions on a smaller subset (1600 image-text pairs uni-
formly selected from the depth and height categories) of the
GeoMeter-3D dataset.
Some open-source models are more biased towards pick-
ing True over False than others. The performance of some
open-source models on True/False questions tends to hover
around 50% (Table 2), suggesting they might not be effec-
tively distinguishing between true and false statements, po-
tentially defaulting to random guesses. This is highlighted
by experiments showing similar outcomes (Figure 9 left)
when ground truth is random versus always set to ”True,”
and a significant performance decline when it is always
”False,” indicating a bias towards predicting ”True.” This
bias toward ”True” may arise from imbalances in training
data, where models are overexposed to affirmative state-
ments or lack sufficient counterexamples of false state-
ments. As a result, rather than demonstrating genuine un-
derstanding, these models often rely on heuristic patterns or
shortcuts. Furthermore, this behavior highlights a deeper
issue: the models’ inability to engage in more nuanced
decision-making or reasoning under uncertainty. True/False
questions, though simple in format, test models’ grasp of
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The image shows 3D shapes placed 
randomly. From the camera viewpoint 
distance some shapes are in front and 
some are at the back, creating a depth 
effect. Each 3D shape has a color and 
an associated material which we call 
Color and Material and must be inferred 
as the label for the corresponding shape. 
Provide depth ordering from front to 
back for the shapes 'red cube, purple 
cylinder’ in the image. Answer in the 
format: 'ShapeColor shape, ShapeColor 
shape, ...'. For eg. 'red cube, blue 
sphere, green cylinder is a valid answer 
format.

Original Prompt
The image shows 3D shapes placed randomly. From the camera viewpoint distance some shapes are in front and 
some are at the back, creating a depth effect. Each 3D shape has a color and an associated material which we call 
Color and Material and must be inferred as the label for the corresponding shape. 

Let's think step by step. 
Step 1: Identify the Shapes and Their Colors: Observe the image carefully and list the 3D shapes along with their 
colors. For example: "I see a red cube, a purple cylinder, and a yellow sphere." 
Step 2: Determine the Depth Ordering of the Shapes: Focus on the relative positions of the shapes from the camera 
viewpoint. Look for visual cues such as overlapping shapes, size differences due to perspective, and shadows. For 
example: "The red cube is in front of the yellow sphere. The purple cylinder is behind the yellow sphere." 
Step 3: Provide the Depth Ordering from Front to Back: Based on the observations from Step 2, arrange the shapes 
in order from the closest to the furthest from the camera. For example: "The depth ordering from front to back is: red 
cube, yellow sphere, purple cylinder." 
Final Answer: Format the final answer as specified in the prompt. For example: "red cube, purple cylinder"

Provide depth ordering from front to back for the shapes 'red cube, purple cylinder’ in the image. Answer in the 
format: 'ShapeColor shape, ShapeColor shape, ...'. For eg. 'red cube, blue sphere, green cylinder is a valid answer 
format.

Chain of Thought Prompt

Figure 8. Prompt engineering using chain of thought prompting. Here the intermediate reasoning steps introduced in the engineered
prompts of the GeoMeter-3D dataset is denoted by a dashed box.
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Figure 9. Model bias analysis. Left: Effect of ground truth value in True/False questions. GT-R denotes randomly set ground truth
between true and false; whereas GT-T/F denotes ground truth always true or always false. Right: Effect of ground truth ordering in choices
of MCQs. GT-C1 and GT-Ab denotes ground truth being choice 1 and not present respectively. The Y-axis denotes the average performance
and X-axis denotes all the evaluated models. Darker colors denote better performance.

logical consistency and factual correctness - an area where
many open-source models falter. By exposing such tenden-
cies, this evaluation method provides valuable insight into
where these models need refinement, particularly in devel-
oping the capacity for more context-driven predictions.

Some open source models are more biased towards pick-
ing the first choice in case of MCQ. Experiments reveal
that while closed-source models show consistent perfor-
mance across various MCQ ground truth placements, open-
source models exhibit a significant bias toward selecting
the first option, particularly when the ground truth is po-
sitioned as the first choice (Figure 9 right). This bias could
stem from the way training data is structured, where the first
choice is frequently correct or if the models encounter more
examples with answers listed early in the sequence, leading
models to develop a preference for selecting it. Their per-
formance drops notably when the correct answer is absent,
suggesting these models struggle with identifying “None of
the above” options and may rely on heuristics rather than ac-
tual reasoning, leading to random selections. This reflects a
limitation in their reasoning abilities, as they likely rely on
pattern recognition rather than genuine understanding of the

question and its context, which suggests that open-source
models may lack sophisticated decision-making processes,
opting for shortcuts when faced with challenging questions.

6. Conclusion

Our study highlights significant challenges in the depth and
height reasoning capabilities of current Vision Language
Models (VLMs). While these models demonstrate basic
geometric understanding and spatial reasoning, they con-
sistently struggle with more complex visual tasks, particu-
larly depth and height perception, which remains underde-
veloped. These shortcomings are not resolved by improved
prompting alone, indicating an intrinsic limitation in the
models’ visual reasoning abilities. While our benchmark
provides significant insights into the limitations of VLMs’
perception abilities, it remains limited in scope. Expanding
this benchmark to incorporate broader geometric reasoning,
temporal dynamics, and higher-order reasoning tasks could
offer a more comprehensive evaluation. Future work should
focus on developing more targeted training strategies and
benchmarks that address these perceptual weaknesses.
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