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Abstract

Vision-Language Models (VLMs) have achieved strong performance in a wide range of vision-
language tasks, such as image captioning and visual question answering. However, it is still
not entirely clear how skilled they are at interpreting abstract visual representations, and
whether their visual reasoning aligns with that of humans.

In this thesis, we investigate how VLMs perceive ambiguous tangram shapes under
different visual conditions, including rotations, colour variation, and variations in structural
representation (tangrams as full silhouettes versus having visible pieces). We compare their
outputs to human annotations from the KiloGram dataset to reason about human similarity.

We evaluate three VLMs (BLIP-2, LLaVA 1.6, and Qwen3-VL) using measures of exact
match consistency and semantic similarity based on sentence embeddings, as well as qualitative
analyses of interpretation categories.

Our results show that VLMs are sensitive to visual transformations, in particular rotation,
and show model-specific patterns of stability and variation. While interpretations of the
abstract tangrams sometimes align with human annotations in human-like shapes, performance
decreases when the shapes become more abstract. Overall, the findings highlight differences
between the interpretations of ambiguous shapes by humans and VLMs, and show that model
behaviour is strongly influenced by the visual structure and representation of the tangrams.
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1 Introduction

Vision-Language Models (VLMs) show strong performances across a wide range of vision-language
benchmarks, including image captioning, visual question answering, and multimodal reasoning
tasks. These models combine visual encoders with large language models, enabling them to process
textual as well as visual information.

Despite their success on various benchmarks ([14, 15]), several studies suggest that VLMs still
struggle with abstract visual reasoning and spatial cognition tasks. In particular, tasks that require
interpretations of simplified or non-realistic visual input often reveal limitations in the way these
models reason about visual structure.

One type of visual input that is well-suited for studying such limitations is the tangram puz-
zle. Tangrams consist of simple geometric shapes that can be combined into a wide range of
ambiguous figures, which makes them a useful and flexible tool for investigating visual perception
and interpretation in both humans[1] and Al systems[10].

In this thesis, we investigate how VLMs perceive tangram shapes under different visual con-
ditions, including rotations, colour variation, and changes in their internal structure. We further
compare model outputs to human annotations from the KiloGram dataset[1(] in order to evaluate
how similar VLM interpretations are to human perception.

We carry out a series of experiments using three vision-language models: BLIP-2, LLaVA 1.6,
and Qwen3-VL. Our analysis focuses on: similarity to human interpretations, robustness to visual
transformations, and the influence of visual structure on model outputs.

The results provide insight into how VLMs interpret abstract shapes and highlight differences in
how models respond to changes in visual input. Overall, this work aims to better understand the
capabilities of current VLMs in abstract visual reasoning tasks.

1.1 Research Question

In order to get a better understanding of the perception of ambiguous abstract shapes by VLMs,
this research aims to answer the question:

In what ways do Vision-Language Models perceive ambiguous tangram shapes similarly
to humans?

With the following subquestions:

SQ1. Do VLMs perceive tangram shapes in a similar way to humans?

SQ2. Do rotations affect the consistency of VLM interpretations of tangram shapes?
SQ3. Does color influence the perception of a tangram shape by VLMs?

SQ4. Does the visibility of the individual tangram pieces change the VLMs perception?



1.2 Thesis overview

Following this introduction, Section 2 provides background on VLMs and tangram puzzles. Section 3
discusses literature related to the visual reasoning capabilities of VLMs. Section 4 describes the used
dataset, models and the setup of the experiments. Section 5 describes the individual experiments
and their outcomes. Section 6 discusses the results from the previous section and relates them to
the subquestions. Section 7 concludes the findings and suggests future work.

This bachelor thesis is carried out under the supervision of Dr. Derya Soydaner and Dr. Mike
Preuss, as part of the Bachelor Thesis Project of the Computer Science programme at LIACS.

2 Background

2.1 Vision-Language Models

Vision-Language Models (VLMs) are Al models that are not restricted to one type of input, such
as text, but are capable of processing both text and image input at the same time. Since they
process more than one type of information, they are a type of Multimodal Large Language Model
(MLLM). They are generally made up of a Large Language Model (LLM) together with a Vision
Encoder[2]. This setup allows them to generate text responses to given prompts, causing them to
be used in tasks such as image captioning and visual reasoning.

There are several surveys that analyse existing research on VLMs. For example, Zhang et al.[22]
conducted a survey focusing on the application of VLMs for various visual recognition tasks, such
as image classification and object detection, while a survey by Danish et al.[5] reviews the progress
of VLM optimisation.

2.2 Tangram

The tangram puzzle, originally from China, is an abstract geometric puzzle. It belongs to the
type of dissection puzzles, which have the goal of putting tiles together to form geometric shapes.
Tangram consists of seven pieces: two large triangles, one medium triangle, two small triangles, a
square, and a parallelogram. Following the same principle as dissection puzzles, the goal of tangram
is to put these seven pieces together to create a full shape. But, for tangram, the full shape is
already given as a silhouette, which the player has to completely fill with the pieces, without any
overlap between them. An example of a tangram is given in Figure 1.

The abstract nature of tangram figures means that they can be interpreted in a variety of ways,
without having a true ’correct’ interpretation. As a result, tangrams are often used to study a
range of cognitive processes. For example, Clark & Wilkes-Gibbs[1] studied how two individuals
can align their perceptions of abstract shapes by having them describe tangram shapes, observing
how their conceptualisation of the shapes evolved when describing it to the other person. Hawkins
et al.[7] continued this study on a larger scale to study how human brains decide on naming
shapes, in order to create a dataset for Al models. Another study by Hu et al.[9] used tangrams
to study the influence of creative thinking and spatial reasoning on brain activity. Furthermore,
Judd & Klingberg[l1] studied whether training childrens’ spatial cognition would improve their
mathematical abilities. They used tangram tasks to evaluate the mental rotation and spatial



transformation abilities of the children, by having them rotating, flipping and sliding the tangram
shapes.

Figure 1: Example of a tangram puzzle (tangram shape originally taken from the KiloGram
dataset[10] and modified to create this example). On the left is the empty silhouette that has to be
filled with the pieces as shown on the right.

3 Related Work

3.1 Visual Reasoning in VLMs

The rapid development of VLMs goes hand in hand with an increasing amount of research on
evaluating their visual reasoning capabilities. Although models show strong performance on tasks
such as image captioning and visual question answering, their capabilities seem to be limited on
abstract visual tasks.

When it comes to abstract visual reasoning tasks, studies show that VLMs have difficulty giving
accurate answers. Cao et al.[3] report that, in comparison to human reasoning, MLLMs lack a
similar level of intuitive reasoning in abstract visual tasks, while Ji et al.[10] observe comparable
difficulties when evaluating models using tangram puzzles. Both studies suggest that current vision-
language models rely heavily on concrete pre-learned associations, rather than actual human-like
intuitive reasoning.

Several studies suggest biases as explanations for these limitations of VLMs. Hemmat et al.[3] find
that VLMs often display a local-focus bias. So unlike a human, who would look at the full picture,
VLMs tend to focus on individual components, causing them to miss the full shape. Similarly,
Rudman et al.[18] state that VLMs are ’shape-blind’, relying on memorized associations rather
than deliberate reasoning. Vo et al.[20] address bias in VLMs, after observing that VLMs refuse to
change their descriptions after being shown an altered image. However, they find that there is a
slight reduction in bias when removing the background of a shape.

There are also multiple studies that investigate the influences of transformations on the VLMs
visual perceptions. Eppel et al.[0] show that transformations, such as rotation, worsen the accuracy
in abstract shape recognition. Panagopoulou et al.[17] find that image manipulations can increase
variance in model responses, even when they had a strong preference for a certain interpretation



before. Yang et al.[21] look further into the reasons why, and show that VLMs are sensitive to
pixel-level perturbations and that they often resort to hallucinations, by giving a confident but
incorrect answer.

3.2 Previous Tangram-based Evaluations

Since tangram puzzles have a history of being used in evaluations of cognitive processes (see
Section 2.2), Ji et al.[10] used them to evaluate abstract visual reasoning in MLLMs. They created a
large set of tangrams (the KiloGram dataset) and tested models by giving them a textual description
of a tangram, for which they had to choose the correct matching tangram. As previously mentioned,
they observed that VLMs struggle when they cannot rely on their pre-learned associations to relate
to the tangram shapes.

Likewise, Junker et al.[l12] used tangrams to reason about perception of abstract shapes, but
changing it slightly to include visual contexts. They added backgrounds to tangram shapes and
evaluated whether background changes influenced the VLMs perception. However, they found
that VLMs lacked the variability to adapt to different scenes. They observed background-specific
answers and hallucinations from the VLMs.

3.3 Thesis Relation

These works show that VLMs struggle with abstract visual reasoning and are quick to display biases
or hallucinations. They have primarily focused on overall recognition accuracy and the influences of
contextual information, giving less attention to the stability of VLM perceptions under controlled
transformations, such as rotations, changes in colour and visibility of individual tangram pieces.
Therefore, this thesis further explores these aspects by comparing three VLMs on their perceptions
of tangrams under several transformations.

4 Methods

We test the selected VLMs against several tangram shapes that vary in their visualizations, after
which we compare their performances.

4.1 Dataset

In order to create our dataset, we take tangrams from the existing KiloGram dataset[10]. This
dataset contains more than 1000 tangram figures, and each has at least 10 annotations made by
different people. This provides us with multiple human-made descriptions per figure.

For this research, we select 20 tangrams from the KiloGram dataset to create our own dataset. We
manually divide these tangrams into two subsets of 10 tangrams each: a human-like subset and
an abstract subset. The sets are separated on human-like tangrams and abstract tangrams. This
separation is based on the content of the annotations per tangram. Tangrams in the human subset
mainly have descriptions referring to human figures, whereas the tangrams in the abstract subset
have much more variation in their descriptions, without a dominant overall theme. We create these



two subsets so that we can analyse the performance of VLMs on tangrams that have a common
semantic interpretation against tangrams without it. We randomly select 20 tangrams from the
KiloGram dataset, as long as they fit into one of these subsets.

From these 20 tangrams, we create six dataset variations. First, we focus on geometric trans-
formations and apply a 90° and 180° rotation to each tangram. Second, we create a coloured
variant by assigning different colours to each individual tangram piece. We only do this for the
original tangram, so without being rotated. Finally, we make silhouette versions of the tangrams,
by removing the internal piece boundaries. This means that we fill up the white lines between the
pieces to make it one solid figure. The silhouette versions are made for the original, as well as the
rotated black tangrams.

By using these specific variations, we create a way to test the VLMs on the features that our
subquestions mention (transformations, colour and piece visibility). In total, our resulting dataset
contains 140 tangram figures, including the different variants.

An overview of all dataset variants is shown in Figure 2.
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Figure 2: Example of a tangram in all variations. Figure (a) shows the original tangram, taken from
the KiloGram dataset. Figures (b) and (c¢) show the 90° and 180° rotations, respectively. Figure (d)
shows the colour variation. Figures (e)-(g) show the full silhouette versions of Figures (a)-(c).
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The complete dataset can be found in Appendix A.1, with the humans subset in A.1.1 and the
abstract subset in A.1.2.

4.2 Models

The three models used in this research are: BLIP-2[13], LLaVA[l(] and Qwen[l]. Each is an
open-source model that combines a vision encoder with a large language model, allowing them to
process visual inputs and generate textual outputs.

e BLIP-2. BLIP-2 (Bootstrapping Language-Image Pre-training)' was introduced by Salesforce

'We used BLIP-2 through Hugging Face, specifically Salesforce/blip2-opt-2.7b: https://huggingface.co/
Salesforce/blip2-opt-2.7b


https://huggingface.co/Salesforce/blip2-opt-2.7b
https://huggingface.co/Salesforce/blip2-opt-2.7b

in 2023. It connects a frozen vision encoder to a frozen large language model by using a
Querying Transformer (Q-Former). The Q-Former is a small transformer that selects the most
important parts of an image and gives them to the LLM. The frozen components ensure that
BLIP-2 can only train the Q-Former, which is more efficient than when it would be able to
change all components. This design also allows BLIP-2 to use strong existing models without
having to train a lot. Previous work shows that models of the BLIP family show strong
preferences for certain interpretations and low sensitivities to image transformations[17].

e LLaVA 1.6. LLaVA (Large Language and Vision Assistant)?, introduced in 2023 and
updated to version 1.6 in 2024, is a VLM that combines a CLIP-based vision encoder with
a large language model to create visual understanding. Version 1.6, also known as LLaVA-
Next, improves the visual reasoning capabilities compared to earlier versions. LLaVA was
selected because it is one of the most widely used open-source vision-language models in visual
reasoning research. Previous work shows that it is relatively sensitive to image transformations
and produces diverse interpretations of ambiguous images [12, 17].

e Qwen3-VL. Qwen3-VL3, released in 2025, is the latest vision-language model developed
by Alibaba Cloud and is designed for multimodal reasoning, visual understanding, and
image-based instruction following. Compared with earlier Qwen-VL models, it shows strong
performance on a wide range of vision-language benchmarks and supports long context
multimodal reasoning. Qwen3-VL was included because it represents a recent state-of-the-art
open-source VLM. However, previous work indicates that, despite its overall capabilities, it
still struggles with abstract visual reasoning tasks such as interpreting abstract shapes [15].

Although each of these models has a temperature variable that allows a user to control the
randomness and creativity of their answers, we decided to keep it at the default temperature
settings. This reflects their standard behaviour and avoids adding additional experimental variables
through manually changing the temperature. We want to compare the models as they are typically
used, which is why we do not make model-specific changes to the temperatures. This also means
that we do not train or fine-tune the models on the tangram data. We conduct the experiments
using the pre-trained models to evaluate their perception abilities.

4.3 Experimental Setup

First of all, we gather outputs from the models for every tangram in all variations. We do this by
using the following prompt on the VLMs:

"This is a tangram, consisting of 7 black pieces. Describe what the full shape represents.
Answer with a single word or short phrase, don’t give more explanation.”

The prompt has slight variations depending on which variation is being used, meaning that “black
pieces” becomes “coloured pieces” for the colour variant, and for the silhouettes the prompt begins
with "This is a tangram, without distinctions between the 7 black pieces.”. We use the outputs on

2We used the LLaVA 1.6 model (also known as: LLaVA-Next) available through Hugging Face: https://
huggingface.co/llava-hf/1lava-vl.6-34b-hf

3We used the 8-billion-parameter Qwen3-VL model through Hugging Face: https://huggingface.co/Qwen/
Qwen3-VL-8B-Instruct.


https://huggingface.co/llava-hf/llava-v1.6-34b-hf
https://huggingface.co/llava-hf/llava-v1.6-34b-hf
https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct

these prompts in five experiments. In order to study different aspects of VLM shape perception,
each experiment focuses on a specific factor to determine if it has a significant influence on the
interpretation of the tangrams. This approach aligns with the setup of our subquestions, as each
examined factor relates to a subquestion.

A brief overview of the experiments and their focus (they will be explained in more detail in
their respective sections):

1. Human similarity compares the model outputs for the original tangrams to the human anno-
tations from the KiloGram dataset. It looks at how often models give the same interpretations
as humans and how much they agree with each other.

2. Rotation robustness tests whether the models’ view of the tangram remains consistent
under different rotations (90° and 180°). We evaluate the individual robustness and see how
this differs between the models.

3. Colour influence inspects whether changing the colours of the individual tangram pieces
has an effect on the output. We determine the effect by comparing the outputs for the colour
variant to the outputs for the original tangrams.

4. Visible pieces versus silhouettes compares the model outputs for tangrams with visible
piece boundaries against full silhouette versions. With this experiment, we want to discover
whether the visibility of the pieces actually distracts them from viewing the full tangram as
one shape.

5. Pose Descriptions is an additional experiment that tests the effect of including more context
in the prompt. Here, we tell the VLMs in advance that the tangrams resemble human figures
and ask them to describe their poses. We consider it an additional experiment because it
does not have a direct relation to our subquestions.

5 Experiments & Results

5.1 Experiment 1 - Human Similarity
5.1.1 Setup

This experiment inspects whether VLMs interpret tangram shapes in a way similar to that of
humans. We compare the original tangrams of both subsets (human & abstract) with the human
annotations from the KiloGram dataset. Afterwards we also compare the model outputs to each
other.

The KiloGram set contains at least ten annotations per tangram, which are generally more
descriptive than the model outputs, because we gave the VLMs a prompt that asked them to
answer in just a single word or short phrase. Additionally, the fact that the participants of the
KiloGram dataset were asked to relate their descriptions to the individual pieces of the tangram
contributes to the reason why their descriptions are longer and more detailed.

Therefore, a direct comparison between the both is not straightforward. So in order to compare the
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VLM outputs to the human annotations, we define and assign general categories to each tangram,
to avoid comparing a single word to very detailed descriptions. This generalization is done by going
through each annotation per tangram and selecting the most commonly used descriptions. From
this selection, a general category is decided that encapsulates the majority of annotations of the
tangram. Figure 3 shows an example of the categorization of the annotations.

In the case where we could not find a term that corresponded to the majority of the annotations,
the most common annotation is selected as category instead.

. man on floor L human
‘ sitting person napping man
v

a observatory a turtle
ey ) [_swe )
.h Lﬁturﬂe W a cabin

Figure 3: The categorization of the human annotations. We take the most commonly used
descriptions, and decide the general theme that they all belong to (above). Otherwise, when there
is no general term, the most common annotation is chosen instead (below).

mm) [ person |

5.1.2 Results

The complete comparison of the human categories against the model outputs is shown in Table 1
for the human set, and Table 2 for the abstract set. Figure 4 summarizes the percentage of outputs
that match the human categories, together with the percentage of outputs that exactly match one
of the original human annotations.

The most prominent result is the difference between the two tangram subsets. All three models
show substantially higher agreement with the human categories for the human-like tangrams than
for the abstract tangrams. For the human subset, BLIP-2 and Qwen match the human category for
9 out of the 10 tangrams, while LLaVA matches 5 out of 10. This is a large contrast compared to
the abstract subset, where the agreement with the human categories almost completely disappears:
BLIP-2 and Qwen do not match any categories, whereas LLaVA matches only one. These results
indicate that all three VLMs are better at matching the human interpretations when a tangram
resembles a human figure than when it represents a more abstract shape.

The models exhibit similar interpretation styles for the human tangrams, with LLaVA as an
exception. We see that BLIP-2 and Qwen are highly consistent in their outputs, almost always
describing the tangram simply as a person. However, LLaVA shows more variety in its outputs,
and is more often descriptive in its answers than BLIP-2 or Qwen. This is seen in outputs such
as person sitting, abstract design, and man holding fist up. The additional variety in LLaVA’s
responses results in lower agreement with the human categories.



Human
Tangram | Category | BLIP-2 LLaVA 1.6 Qwen3-VL
N
’h person person Figure person
vy
4
‘1’ person person Person sitting sitting person
v
;7‘ person person Bird dog
) |
*
F'S .
\ & person triangle Tree person
=
4§ person person Person person
4
% person person Abstract design person
® .
‘i person person  Man holding fist up person
[
4 person person Robot person
R
) person person Man person
<
; person person Humanoid person
A

Table 1: Model outputs for each tangram in the human subset, next to the selected category for
the human annotations. BLIP-2 and Qwen show similar behaviour and often match the human
category, while LLaVA has more diversity in its outputs.



Human
Tangram | Category BLIP-2 LLaVA 1.6 Qwen3-VL
chair square Rectangle square
snake bird Vase swan
envelope square Triangle square
“ spaceship triangle Person house
FS
turtle og 0og house og
i.h 1 d Dog h d
o .
Q tank mountain Puzzle square
n’ tree triangle Words bird
]
«e.
) scythe question mark Pipe question mark
|
‘- foot triangle Cube house
V|
- House triangle House N

Table 2: Model outputs for each tangram in the abstract subset, next to the selected category for
the human annotations. All models show much variation and have almost no overlap with the
human category.
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Similarity to human
annotations BLIP-2 LLaVA 1.6 Qwen3-VL
Human (category) 90% 50% 90%
Human (exact) 40% 10% 30%
Abstract (category) 0% 10% 0%
Abstract (exact) 10% 10% 20%

Figure 4: Figure showing the level of agreement between the model outputs and the human
categories (category), as well as the amount of exact matches of model outputs to any of the human
annotations for a tangram (ezact). For the human tangrams, the model outputs are much more
similar to the categories and have more exact matches than for the abstract tangrams.

For the abstract tangrams, all models produce a much wider variety of interpretations than for the
human tangrams, which results in less agreement with the human categories, rather than more. We
see that the models appear to favour different types of descriptions. BLIP-2 frequently describes
the tangrams as geometric shapes (square and triangle), while Qwen also mentions more animals in
its descriptions (swan, dog, bird). LLaVA, again, has the most diversity in its outputs, describing
the tangrams largely as different objects (vase, words, cube). These differences suggest that the
models rely on different strategies when interpreting abstract shapes that lack a clear human-like
structure (as in the human subset).

Finally, for the human subset, exact matches with the original human annotations (from the
KiloGram dataset) occur less frequently than category matches. BLIP-2 had four exact matches,
Qwen three, and LLaVA one. This is a large drop from their category matches. For the abstract
tangrams, we observe a different pattern. Although BLIP-2 and Qwen do not match any of the
selected human categories, both models produce outputs that exactly match some less common
human annotations. Consequently, their number of exact matches is slightly higher than the number
of category matches. For example, both BLIP-2 and Qwen describe one tangram as a question
mark, which corresponds to one of the original human annotations, but not to our selected category
used in this evaluation. So, while the models mostly do not agree with the human categories for the
abstract set, they occasionally produce interpretations that match less common human annotations.

If we look at the outputs of all models for the abstract set, we see that, even though the models
do not agree with the human categories, they do have some agreements between themselves. For
example, while the human category is chair, or envelope, BLIP-2 and Qwen agree that it is a square,
while LLaVA mentions rectangle and triangle. Another example is where the category is turtle, and
all models give a dog-related answer. This shows that the models sometimes have a similar way of
interpreting, even when this differs from human perception.

Overall, the results show a clear trend. The VLMs are capable of matching human interpretations
when a tangram resembles a clear figure, such as a person. As the tangram shape becomes more
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abstract, the models have less agreement with human interpretations and among themselves.

5.2 Experiment 2 - Rotation Robustness
5.2.1 Setup

This experiment evaluates whether the VLMs produce consistent interpretations when a tangram
is presented under different rotations. We compare the tangrams in three different rotations:
0°(original), 90°, and 180°. We measure rotation robustness using two metrics: an exact matching
score and a semantic similarity score.

¢ Exact matching score. This metric measures how often a model produces identical outputs
for all three rotations of the same tangram. The exact matching score is calculated for each
tangram and then averaged across all tangrams in the set to get the final overall score. This
method is based on a metric used in previous works, where it is used to compare similarity in
answers. We adapted it to fit this specific situation.

e Semantic similarity score. The exact matching score does not account for outputs
that have different wording but similar meanings (such as human and person). Therefore,
we additionally measure the semantic similarity between outputs. We use a pre-trained
Sentence Transformer model (all-mpnet-base-v2[19]) to compute the embeddings of the
model outputs. Between the embeddings for the three rotations, we calculate the pairwise
cosine similarities, which tell us how closely related the outputs are. We obtain the final score
by averaging these values across all tangrams in the set.

Using both of these metrics provides a more complete evaluation of rotation robustness. The exact
matching score measures strict output consistency, whereas the semantic similarity score captures
whether changes in wording correspond to actual changes in interpretation.

5.2.2 Results

Figure 5 illustrates examples in which the outputs of the three VLMs are given for all rotations of
two tangrams. One for which the interpretations change considerably after each rotation, and one
where only LLaVA shows a lot of change. Figure 6 summarizes the robustness of the three VLMs
to rotations using the exact matching score, and the semantic similarity score.

For the exact matching measure, visible in Figure 6a, the plot shows that BLIP-2 and Qwen achieve
similar scores on the dataset, while LLaVA consistently scores lower, except on the human silhouette
subset. This indicates that LLaVA is quicker to change its interpretation of a tangram under a
different orientation. Because the exact matching score cannot distinguish between a change in
wording and a change in interpretation, we use the semantic similarity scores to determine whether
these output changes also correspond to semantic changes. While BLIP-2 and Qwen score similarly
to each other, BLIP-2 has slightly higher scores more often than Qwen. The highest score is
obtained by BLIP-2. Therefore, it seems that overall, BLIP-2 is the most consistent in its answers,
LLaVA the least, and Qwen is positioned in between. The only exception to this are the results

41t is based on the Shape Naming Divergence (SND) score used in work by Ji et al.[10].
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for the human silhouette set, which has a sudden spike in LLaVA’s scores and a drop in those of

BLIP-2.
e §
V'S
¢

{ BLIP-2 ] person ] triangle letter b BLIP-2 person
man

holding fist diamond house LLaVA szl;sstlr::t

up

[Qwen3-VL] L[frson ] bird S Qwen3-VL person dog person
(a (b)

Figure 5: Example of a tangram in different rotations (0°, 90°, 180°) and the answers of the VLMs.
For each model the interpretation changes a lot when rotated (a). There are also situations where
LLaVA changes a lot, while the other models stay rather consistent (b).
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Figure 6: Figure showing the exact matching scores (a) and the semantic similarity scores (b) for
the different sets (human € abstract). We see that BLIP-2 and Qwen are generally more robust
under rotations, whereas LLaVA is much less robust for both sets, with a single exception for the
silhouette variants of the human tangrams.

Figure 6b shows the semantic similarity scores. The general trend agrees with that of the exact
matching scores: BLIP-2 and Qwen are semantically more stable in their outputs than LLaVA.
This suggests that, even when the models change their wording of a description, BLIP-2 and
Qwen remain in related categories for their output, while LLaVA diverts further away. By in-
specting the outputs we see situations where, for example, LLaVA goes from a human figure
to a bird, vehicle or entirely different object in every rotation, while BLIP-2 and Qwen remain
more consistent. An example of this is illustrated in Figure 5b. The same exception occurs as in
the exact matching results, namely that the score ratios turn around for the human silhouette subset.
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When comparing the scores of the human set with those of the abstract set, the figures show that,
on average, the scores for the abstract set are slightly higher. This is the case for both score
metrics, although the difference is slightly larger for the semantic scores. Inspection of the model
outputs suggests that this could be caused by the nature of their descriptions. Abstract tangrams
more often receive a simple geometric description from the VLMs (such as triangle, square), which
stays stable under rotation, or changes to another geometric shape. Changes such as these stay
semantically close to the previous description, resulting in higher robustness scores than when they
describe a new, unrelated object each time, which happens more often for the human tangrams.
Often, for the human set as well as the abstract set, BLIP-2 and Qwen reinterpret the tangrams as
letters after rotation. This shows that the models also switch from objects or shapes to symbol
recognition.

In general, the two evaluation measures lead to the same conclusion. BLIP-2 is the most rotation-
robust, closely followed by Qwen, whereas LLaVA is more sensitive to changes in orientation.
However, higher robustness does not automatically equal better visual understanding.

LLaVA scores higher on the full silhouette tangrams, with a spike for the human silhouettes. So,
LLaVA becomes more rotation robust when internal piece boundaries disappear.

Overall, the results demonstrate that the perceptions of tangrams by VLMs are not invariant to
rotations. Although BLIP-2 and Qwen maintain more consistent descriptions than LLaVA, all
three models frequently change their descriptions when the orientation of a tangram changes.

5.3 Experiment 3 - Colour Influence

5.3.1 Setup

This experiment investigates whether colouring the individual tangram pieces influences the in-
terpretations generated by the models. For each tangram, we compare the model output for the
original image with the output for the corresponding coloured version. The colour assigned to each
tangram piece is not fixed across tangrams. Since the objective of this experiment is to determine
whether the presence of colour influences the interpretation, rather than the effect of a specific
colour assignment, we do not expect this variation to affect the analysis.

To assess the influence of colour on the interpretations, we first determine whether the interpretation
changes after colouring the tangram. Then we calculate the percentage of tangrams for which the
interpretation changes for each model.

Because this experiment focuses on identifying interpretation changes and not the consistency in
output, the outputs are analysed manually instead of using score metrics. Following the categori-
sation procedure described in Experiment 1, outputs that belong to the same general semantic
category are considered equivalent (such as human and figure) and are therefore not counted as
changes. Outputs belonging to different semantic categories are recorded as changes and analysed.
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5.3.2 Results

The measured amount of changes per subset can be seen in Figure 7, which puts the total amount
of label changes (left side) next to the amount that remains when we remove all of the changes that
stay in the same category (right side). Figure 7a shows these results for the human set, Figure 7b
shows them for the abstract set.
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Change measure Change measure
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Figure 7: The amount of description changes for coloured tangrams. (a) shows the amount of
changes for the human set, while (b) shows them for the abstract set. Both have the total amount
of changes on the left side, and the amount of changes when considering category (so only the label
changes that do not stay in the same category) on the right. BLIP-2 and Qwen have little to no
changes in output after addition of colour, while LLaVA has much more. Overall, the models have
more changes in output for the abstract tangrams.

The most prominent result is that colouring the individual tangram pieces has only a limited effect
on BLIP-2; while LLaVA and Qwen are more influenced by it. Across both sets, BLIP-2 shows the
least amount of changes, followed by Qwen, with LLaVA changing the most frequently, indicating
that it is the most sensitive to colour.

After grouping the outputs into semantic categories, LLaVA is the only model that shows significant
reductions in the number of output changes. This shows that many of its modified outputs actually
remain closely related to the originals. For example, it often showed changes including man, figure,
and human, which all refer to the same object category. This is as opposed to BLIP-2 and Qwen,
which, except for one abstract tangram for Qwen, show no reduction in the number of output
changes, indicating that they generally change not only their wording, but also the actual object
that they perceive.

The distributions of the models are the same for both the human and abstract tangrams, even

though the numbers are slightly higher for the abstract set. This suggests that the addition of
colour has a larger influence on tangrams that already lack a clearer shape interpretation.
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By inspecting the outputs, we see slight differences in the manner that the models change their
descriptions. BLIP-2 generally retains its original interpretation after colouring, but when it changes
its description, it does not stay close to the original. LLaVA often replaces a description with one
that still belongs to the same semantic category. And Qwen most frequently changes to a different
object altogether. Overall, the results suggest that changing the colours of the tangram pieces has
only a limited influence on VLM perception.

5.4 Experiment 4 - Visible Pieces versus Silhouettes
5.4.1 Setup

In this experiment, we investigate whether the presence of visible internal piece boundaries influences
the interpretations generated by the VLMs. We compare the model outputs for tangrams with
visible pieces to the outputs for the silhouette tangrams. This comparison is performed for both
the original and rotated tangrams in the human-like and abstract subsets. Although these sets
were also used in some of the previous experiments in both their silhouette and piece variants,
those experiments focused on other influences on outputs, and did not explicitly isolate the effect
of removing internal shape boundaries.

We use the sets of the original tangrams and their rotated versions for both the human and abstract
sets in their separated and full silhouette forms. We specifically look at whether there is a consistent
change of perception in a model after removing the shape boundaries.

5.4.2 Results

Figure 8 presents two examples comparing the outputs for tangrams with visible pieces and their
corresponding silhouette versions.

In general, the removal of internal piece boundaries has little influence on the interpretations of the
original tangrams. Looking back at the results of Experiment 1, the level of agreement between the
model outputs and the human annotations does not seem to be greatly affected by turning the
tangrams into silhouettes. For both sets, the model outputs for the full silhouettes remain relatively
similar to those for the original tangrams. This indicates that removing the piece boundaries does
not significantly improve, or change, the models’ ability to recognize the tangram shape.

We observe a clearer effect when considering the rotated tangrams. Just as in Experiment 2, LLaVA
becomes more robust to rotations when the piece boundaries are removed, especially for the human
tangrams. This is unlike BLIP-2 and Qwen, which show minor changes in their robustness for the
silhouette variants. This suggests that the internal boundaries have a greater influence on LLaVA’s
interpretation than on the other two models.

When comparing the output changes, we see that LLaVA frequently replaces diverse descriptions

with more consistent labels, such as person or house. Qwen’s changes in output generally stay close to
its original interpretations, or change to a closely related description, for example, rooster to bird, or
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Figure 8: Example of model outputs for silhouette variants. Each bubble has an arrow pointing
from the original output (with visible pieces) to the output for the silhouette version. (a) shows
a human example, while (b) shows an abstract example. We see that for the silhouette versions,
LLaVA becomes generally more consistent, while the other models show less changes.

S to 5. However, the changes in the outputs of BLIP-2 are generally entirely different interpretations.

Overall, the silhouette variants show us that the removal of internal piece boundaries affect the
models differently. It has little effect on BLIP-2 in terms of overall changes, but significantly
reduces the variation in LLaVA’s outputs. This indicates that LLaVA relies more strongly on the
internal structure caused by the separated tangram pieces, whereas Qwen appears to generate its
descriptions with a focus on the global outline of the shape.

5.5 Additional Experiment - Pose Descriptions
5.5.1 Setup

The previous experiments showed that the models, especially BLIP-2 and Qwen, frequently described
the human-like tangrams with a simple person label, or something similar. However, this does
not reveal whether the models actually recognize the pose of the figure, or solely recognize that
the overall shape resembles a human figure. Therefore, we conduct this additional experiment in
which we prompt the VLMs on a slightly different question. Instead of only mentioning that it is
a tangram and asking about its shape, we tell the models that it is a tangram that represents a
human figure and ask them what kind of pose they see in it: “It represents a human figure, describe
its full pose.”. We tested on the human set, on the original, rotated, colour and silhouette versions.
This experiment investigates whether providing additional context encourages the models to give
more detailed interpretations.
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5.5.2 Results

Figure 9 shows an example of the outputs by the three VLMs for the modified prompt about pose
descriptions. The results demonstrate clear differences in the way that the models respond to the
additional context.

) ad
‘{’
1

K
_{}
¥

4

?‘-

¢

BLIP-2 person triangle

i

LLaVA 1.6 Bird Humanoid

‘s

reaching reaching

H
BEE
i

B
il

“Describe the full tangram “Describe its pose”
v
o{ ) 4 o4
a person
Standing human

Trees Plane - ‘ figure, facing Cross
Figure 9: Example of VLM outputs for the pose description prompt, compared to the outputs
for the original prompt, for all rotations of a tangram. Here, BLIP-2 does not generate any pose
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description, LLaVA gives only gives one detailed description, while Qwen manages to give a pose
description for all of the rotations.
BLIP-2 is generally unable to provide pose descriptions. Only once does it give a very clear pose
description: sitting down, and twice it answers with dancer. However, the rest of its answers ignore
the requested pose description altogether and revert to a general human figure, or completely

unrelated outputs such as a logo, the image, and triangle. This indicates that BLIP-2 is largely
unaffected by the request for more descriptive responses.

LLaVA demonstrates more sensitivity to the modified prompt. It occassionaly generates detailed
pose descriptions, such as walking, man walking with stick, man with arms crossed, and arms
spread wide. Nonetheless, many of its responses remain generic (human, man) or indicate that
it could not determine a pose (none, not possible). Thus, although LLaVA is able to give more
descriptive outputs than in the previous experiments, it is still unable to consistently produce clear
pose descriptions.

Qwen responds most consistently to the modified prompt. For every tangram and its variations it
manages to generate a pose-related description. Noticeable is that Qwen also shows a difference in
output between the regular and silhouette versions. For the tangrams with visible pieces, many of
its responses are simply standing, with occasionally running or reaching. For the silhouette variants,
this variety increases a lot, with outputs such as jumping, walking, arms raised, dancing, and leaning
also getting mentioned. This behaviour suggests that Qwen is sensitive to prompt changes and
that removal of the internal piece boundaries helps it to focus on finding a pose in the tangram shape.
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In general, the provision of additional information and requests in the prompt does not substantially
improve the descriptive capabilities of BLIP-2 or LLaVA. Only Qwen is consistent in identifying
poses in the tangram shapes, although the descriptions often remain relatively generic. These
results suggest that additional information in the prompt alone is not enough to obtain more
detailed interpretations from these VLMs, although there are visible differences in the way that
they incorporate the added information.

5.6

Summary of Experimental Results

Here is a brief overview of the conclusions per experiment.

Experiment 1 (Human Similarity) shows that all three VLMs produce descriptions that
are much more similar to the human annotations when the tangrams resemble human figures,
rather than when they are more abstract shapes. BLIP-2 and Qwen demonstrate the highest
agreement with the human categories, while LLaVA contains more variety in its outputs.

Experiment 2 (Rotation Robustness) shows that none of the models is invariant to
rotations, often changing not only their wording, but also the actual interpreted object.
BLIP-2 is most robust to rotation, followed by Qwen, while LLaVA is the least consistent.

Experiment 3 (Colour Influence) shows that colouring the individual tangram pieces
affects the models differently. BLIP-2 and Qwen are least affected, whereas LLaVA shows a
larger amount of output changes. However, a lot of these changes stay related to the same
object category.

Experiment 4 (Visible Pieces versus Silhouettes) shows that removing the visible
piece boundaries does not improve the similarity to human annotations. Instead, the models
show different behaviour: LLaVA becomes more consistent across rotations, Qwen changes
relatively little, and BLIP-2 shows large inconsistent changes in its descriptions.

Additional Experiment (Pose Descriptions) shows that providing additional context
in the prompts does not consistently lead to more detailed outputs. Qwen shows the most
pose-related variation, LLaVA occasionally produces more pose-related outputs, while BLIP-2
rarely adapts its outputs to the new prompt.
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6 Discussion

This chapter discusses the main findings of the experiments in Section 5 in relation to the research
question (In what ways do Vision-Language Models perceive ambiguous tangram shapes similarly to
humans?) and subquestions:

SQ1. Do VLMs perceive tangram shapes in a similar way to humans?
SQ2. Do rotations affect the consistency of VLM interpretations of tangram shapes?
SQ3. Does color influence the perception of a tangram shape by VLMs?

SQ4. Does the visibility of the individual tangram pieces change the VLMs perception?

6.1 Human-like tangrams lead to greater agreement with human per-
ception

The strongest finding of this thesis is the clear distinction between the human and abstract tangram
subsets. All three models show substantially greater agreement with human annotations when the
tangrams strongly resemble human figures than when they are more abstract (as decided by the
human annotations). This indicates that the VLMs are able to recognise familiar shape structures
even in ambiguous tangrams, but struggle to agree with human annotations when the structures
become more abstract.

A possible reason for this could be that humans are popular shapes to form with tangrams and that
humans are common in VLM training, making it easier to recognise a human shape than a general
abstract object. The fact that people are common in tangram shapes could cause the VLMs to
associate a tangram quickly with a human figure. Although, the abstract tangrams receive many
different interpretations, which is similar to human behaviour on those tangrams, although they
almost never agree on the same interpretation.

We did not expect there to be such a clear difference in behaviour between the two sets. Previous
work generally did not make a comparison between two sets such as these, and focused more on
evaluating a full set of ambiguous shapes. So, we did not see such a distinction in interpretations
between two types of ambiguous shapes before.

In response to SQ1, we see that the VLMs perceive the tangrams in a similar way to humans when
there is a strong familiar structure present, but that this human-like interpretation decreases when
the level of abstraction increases. The level of detail, however, is generally much lower for the
VLMs, when compared to humans.

6.2 The three VLMs exhibit different interpretation strategies

We noticed several consistent patterns in the behaviours of BLIP-2, LLaVA and Qwen while
analysing the variation in outputs. BLIP-2 tends to go for geometric interpretations or individual
letters, when not sticking to a general theme such as person. It is generally robust in its answers, since
it often mentions the exact same descriptions. The variation in the outputs of Qwen often remain
closely related in category. Qwen produces many animal-related descriptions and is responsive to
prompt changes. LLaVA’s outputs are more descriptive than those of BLIP-2 and Qwen, cover a
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wide range of objects, are sensitive to changes, and almost never stick to one specific interpretation.
These patterns suggest that the models rely on different strategies when processing visual shape
ambiguity, which could also be indications of biases in their models.

These differences in interpretation strategies between the models also provide additional context for
SQ1. They show that the degree of agreement with the human annotations depends not only on
the level of abstraction of the tangram, but also on the interpretation tendencies of the VLM itself.
We expected beforehand that LLaVA would be more diverse in its answers and that BLIP-2 would
be more consistent with strong preferences, since previous work has also shown this (see [17]).
Since Qwen is the latest model that we evaluated, we also expected it to be stable and descriptive,
although we expected it to be slightly more descriptive. Instead, Qwen gave many general outputs
similar to BLIP-2, while we had expected it to behave more similarly to LLaVA and provide more
detail.

6.3 Shape transformations influence VLM perception

Factors such as rotation, colour and silhouettes visibly influence the VLMs perception.

6.3.1 Rotation changes model interpretations

We see that rotation of the tangrams cause much variation in the model outputs. The perceptions
of the VLMs are therefore visibly not invariant to geometric transformations, answering SQ2. This
is especially visible in LLaVA, which shows large shifts in interpretation across rotations. BLIP-2
and Qwen perform more stable, suggesting that they have a stronger reliance on the global shapes
than changes in orientations. However, both of these models were not fully invariant and still
showed sensitivity to the tangram orientations.

This invariance was generally expected from previous work on ambiguous shapes, although we did
not expect Qwen to be more similar to BLIP-2 than LLaVA.

6.3.2 Colour has only a limited influence

Colour changes have a relatively small effect on interpretation compared to geometric transforma-
tions, directly answering SQ3. This suggests that appearance features such as colour are not the
main priority when the VLM evaluates a tangram shape. Instead, it appears that the VLMs base
their answers more on the global shape of the tangrams.

6.3.3 Removing piece boundaries does not have a universal effect

Removing internal tangram piece boundaries affects the models differently, rather than causing a
uniform change in perception, answering SQ4.

LLaVA becomes more stable when the tangram is presented as a silhouette, suggesting that the
visible internal pieces caused variability in its interpretations. Qwen remains largely stable for
silhouettes, implying that it already relied on the full shape rather than evaluating the tangram
pieces. BLIP-2 shows inconsistent changes, which does not indicate that it relied on pieces more
than global shape, or the other way around.

We had not expected LLaVA to become more stable for the silhouette tangrams. Since the overall
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shape remains ambiguous and abstract, we expected all models to behave more like BLIP-2;
changing their output but not in a clear or consistent way.

6.4 Providing additional context has limited influence on pose under-
standing

The pose experiment shows that adding additional context to the prompt does not consistently
improve tangram shape understanding in the VLMs.

Qwen demonstrates the strongest responsiveness to the prompt change and produced more varied
pose descriptions, especially for the silhouette variants. However, BLIP-2 and LLaVA largely tend
to answer with generic pose labels, such as standing, with little variation. This indicates that they
are either insensitive to the prompt change, or that they are not able to further recognise the poses
of the human tangrams.

Although this observation does not directly address one of our subquestions, it provides more
insight into the main research question. We expect that explicitly mentioning that the tangram
resembles a human figure and asking about its pose would encourage humans to provide a more
detailed pose description (which we know would be possible, since the human annotations in
the KiloGram dataset were often more detailed). So, if VLMs truly perceive the tangrams in a
human-like way, they would show the same behaviour as humans. Since this only occurred for
Qwen, while BLIP-2 and LLaVA were largely unaffected, the results suggest that changing the
prompt alone is insufficient to compensate for limitations in the VLMs perception of ambiguous
tangram shapes.

6.5 Limitations

There are several limitations that influence our results. First of all, our dataset is very small:
only twenty tangrams were selected, while the original KiloGram dataset contained more than
a thousand tangrams. We manually put the tangrams together to represent a ‘human’ and an
‘abstract’ set, but they were randomly selected based on the human annotations per tangram. Thus,
the tangrams were not evaluated or chosen based on specific shape features, which could have
allowed for other types of observations and experiments. Furthermore, we only evaluate outputs of
three VLMs, which we left at their default temperatures and did not train. We used one type of
prompt, and evaluated one reply of the VLM, which is not always the same if the VLM is prompted
several times. Thus, this single output may not have been representive of the VLMs perception.
Finally, the way of evaluating the performances is a limitation, since a lot of it was based on
qualitative measures and subjective generalisation.
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7 Conclusions and Future Work

This thesis investigates how vision-language models perceive ambiguous tangram shapes under
variation in rotation, colour, and structural visibility, and if this is similar to human perception.

The experiments show that VLMs demonstrate only partial agreement with human perception.
The biggest finding is that when tangrams resemble human figures, all models generally produce
interpretations that correspond to the human categories. However, as the tangram becomes more
abstract, this agreement significantly decreases and the interpretations become very diverse and
model-specific. This suggests that the VLMs rely strongly on familiar shape structures, but have
no shared human-like way of interpreting more ambiguous tangram shapes.

The experiments further demonstrate that VLM perception is not invariant to transformations.
Rotations have a large influence on the outputs, often completely changing the interpretation
of a tangram. Colours have a smaller effect, indicating that the global shape plays a bigger
role in the VLMs perception. Removal of the visible piece boundaries does not consistently
improve the agreement with human perception, but instead affects each model differently, imply-
ing that the models do not all rely on global outlines and internal tangram structure in the same way:.

Although all three models demonstrate these general trends, they also have some specific individual
differences in behaviour. BLIP-2 tends to go for geometric descriptions, LLaVA has very diverse
outputs, and Qwen is relatively robust and often stays close in category. These differences show that
perceiving ambiguity in the shapes is very model-specific, rather than a common visual reasoning
strategy between the models.

Overall, this thesis shows that Vision-Language Models perceive ambiguous tangram shapes only
partially in a human-like way. Their descriptions are highly influenced by shape familiarity and
visual transformations, while they also show different interpretation strategies. These findings
provide insight into their shape perception of not so standard image recognition tasks.

Future work could improve this study by using a larger and more diverse set of tangrams, as well as
by evaluating additional and more recent vision-language models. Furthermore, collecting human
annotations on the various tangram variations could improve the similarity measures. Finally,
future work could prompt the VLMs several times for outputs to evaluate them, in order to create
a better view of their actual perception.
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A Appendix

A.1 Dataset
A.1.1 Human subset

Dataset: humans
With visible pieces Only the silhouette

Image Original Rotated 90°  Rotated 180° Color Full shape Rotated 90° = Rotated 180°

N i H
s g 2

page-A.png 4
L QG Vv 4
v‘ ‘) ? v k
page-F.png
4
;YA ” o A A
page-I.png ‘ 4
)4 .
>l 4 \ ¢
page-K.png ‘ ’ F
T ;» ¢
page2-71.png
L 4
- J
page4-0.png e

-
»

page4-52.png

paged-82.png

page6-188.png

D D AL e 4se mhe
1
tre
£ AT
DURVAR S JEVNIC N S ot W

A72799349y 4
WK TS et com o W 0g - UV

page7-122.png

Figure 10: Overview of all tangrams in the human subset.
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A.1.2 Abstract subset

Dataset: abstract
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