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Abstract

The releases of OpenAI’s o-[n] series, such as o1, o3, and o4-
mini, mark a significant paradigm shift in Large Language
Models towards advanced reasoning capabilities. Notably,
models like o3 have demonstrated strong performance on
benchmarks like the Abstraction and Reasoning Corpus for Ar-
tificial General Intelligence (ARC-AGI). However, this bench-
mark is limited to symbolic patterns, whereas humans often
perceive and reason about multimodal scenarios involving both
vision and language data. Thus, there is an urgent need to in-
vestigate advanced reasoning capabilities in multimodal tasks.
To this end, we track the evolution of the GPT-[n] and o-[n] se-
ries models (including o1, o3, and o4-mini) and compare them
against leading open-source alternatives on challenging multi-
modal puzzles from PUZZLEVQA and ALGOPUZZLEVQA.
Our results reveal that the o-[n] series, particularly later itera-
tions, significantly outperform both the GPT-[n] series and the
evaluated open-source models, establishing clear performance
tiers. Nonetheless, despite these substantial advancements,
our findings highlight that even leading models face persistent
challenges. Difficulties are particularly evident in tasks requir-
ing precise visual perception, robust compositional reasoning,
and solving complex algorithmic puzzles. Our analysis further
reveals that while closed-source models are primarily bottle-
necked by perception, open-source models struggle with both
perception and subsequent inductive reasoning, indicating
critical areas for future AGI development. We plan to contin-
uously track new models and update our results in this paper
accordingly. All resources used in this evaluation are openly
available at https://github.com/declare-lab/LLM-PuzzleTest.

Introduction
Recent advances in large language models (LLMs) have
demonstrated impressive capabilities in language understand-
ing and generation, as seen in OpenAI’s GPT-[n] series of
models (Brown et al. 2020). Yet, true artificial general in-
telligence (AGI) requires robust reasoning abilities across
different modalities (Fei et al. 2021). Simply excelling in
text-based tasks is insufficient for agents intended to un-
derstand and interact with the rich, multifaceted physical
world humans navigate daily. For instance, while models
such as OpenAI’s new o-[n] series demonstrate significant
performance improvements, sometimes characterized as a
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Figure 1: Puzzle from PUZZLEVQA. GPT-4-Turbo, GPT-4o,
and o1 all got the puzzle incorrect.

“jumping reasoning curve” on specific benchmarks like the
Abstraction and Reasoning Corpus for Artificial General
Intelligence (ARC-AGI) (Chollet 2019), the landscape of
multimodal reasoning is complex. The current evaluations in
this area often focus on symbolic patterns, whereas humans
frequently reason over complex data involving both vision
and language. Thus, the ability to perceive, understand, and
reason about multimodal inputs remains a crucial component
of human-like intelligence, deserving urgent investigation.

To this end, puzzles often serve as effective measures of
cognitive abilities such as pattern recognition and step-by-
step reasoning. Notably, such measures typically do not re-
quire specific domain knowledge, allowing individuals from
diverse backgrounds to engage with them. One prominent
example is Raven’s Progressive Matrices (Raven 1989), a
non-verbal assessment tool designed to evaluate abstract rea-
soning and fluid intelligence. In this test, participants are
presented with abstract patterns containing a missing element
and must identify the correct piece to complete the pattern.

Thus, inspired by abstract puzzles as measures of intelli-
gence, recent multimodal benchmarks have enabled system-
atic evaluation across specific cognitive abilities, including
visual perception, inductive reasoning, deductive reasoning,
and algorithmic problem solving (Chia et al. 2024; Ghosal
et al. 2024). These newer benchmarks go beyond simple ob-
ject recognition or image captioning, probing deeper into
how models integrate information across modalities to make
inferences or devise multi-step solutions. Compared to pre-
vious measures, they require general understanding of spa-



Figure 2: The performance of GPT-[n] and o-[n] series models on PUZZLEVQA and ALGOPUZZLEVQA, illustrating how
multimodal reasoning evolves over time with model releases.

tial relationships, pattern recognition, and reasoning across
visual and language elements, thus providing a more holis-
tic measure of artificial general intelligence. Our research
addresses several key questions: (1) How do current state-
of-the-art models, specifically the GPT-[n], o-[n] series and
open-source models, perform on diverse visual reasoning
tasks? (2) What types of pattern recognition, compositional
reasoning, and algorithmic problem-solving are particularly
challenging for these models? (3) How can we systemati-
cally evaluate and compare different models’ multimodal
reasoning capabilities?

In our evaluation, we assess the performance of GPT-[n],
o-[n] and open-source models on abstract multimodal puzzles
from PUZZLEVQA, which primarily test abstract reasoning,
and on ALGOPUZZLEVQA, which requires more complex
algorithmic approaches. To ensure a comprehensive evalu-
ation, we present the puzzles in both multiple-choice and
open-ended question answering formats.

Our findings reveal that while the o-[n] series demonstrates
superior performance and scalability, significantly outper-
forming GPT-[n] models and open-source alternatives across
most tasks, even these advanced models encounter substantial
difficulties, particularly with complex algorithmic reasoning
and fine-grained visual perception. The performance gains,
while notable within the o-[n] series, highlight specific bot-
tlenecks rather than uniform leaps across all reasoning types.
For example, GPT-[n] models show iterative improvements
but consistently lag, struggling with visual perception and
more complex compositional tasks, while open-source mod-
els exhibit fundamental challenges in both perception and rea-
soning. This differentiation in capabilities and the persistent
challenges, even for leading models, underscore the substan-
tial gap between current artificial intelligence and human-like
reasoning abilities. As models continue to rapidly advance

and scale, as suggested by trends like those in Figure 2, this
benchmark and the detailed analysis of performance tiers
and bottlenecks will serve as a critical indicator of progress
toward more robust and generalized artificial intelligence.

The Path to AGI: Why Solving Puzzles and
Recognizing Abstract Patterns are Key

Milestones
There isn’t a single universally accepted definition of Arti-
ficial General Intelligence (AGI). However, following (Xu
2024), AGI refers to a system capable of adapting to novel
open environments using limited computational resources,
guided by specific principles. In contrast to narrow AI, which
excels in specific tasks, AGI aims to replicate the broad cog-
nitive abilities of humans, enabling it to perform any intellec-
tual task that a human can (Latif et al. 2024). Achieving AGI
involves creating systems that can learn and reason under
conditions of insufficient knowledge and resources, contin-
uously adapting to new tasks and environments (Johansson
2024).

Solving puzzles is a significant milestone in the path to
AGI because it requires the application of core cognitive
skills such as abstract reasoning, problem-solving, and pat-
tern recognition. These skills are essential for a model to
generalize knowledge and adapt to new, unseen tasks. The
process of puzzle-solving involves several cognitive func-
tions central to human intelligence, including the ability to
understand and manipulate abstract concepts, recognize pat-
terns, and apply logical reasoning to arrive at a solution. By
evaluating these models on puzzles, we can assess and en-
hance these cognitive functions within the AI, bringing it
closer to human-like intelligence (Estermann et al. 2024).

Wüst et al. (2024) discuss how current models occasionally
succeed in identifying discriminative concepts but often fail



Figure 3: Examples of puzzles from PUZZLEVQA and ALGOPUZZLEVQA.

to understand and reason about visual concepts, indicating
a significant limitation in their reasoning abilities. Similarly,
Park et al. (2023) explore how models approach the Ab-
straction and Reasoning Corpus (ARC), revealing both their
strengths and limitations in abstract reasoning.

The release of o-[n] models highlights the relationship
between computational resources and performance. While
increased computational power can enhance performance,
true intelligence also requires efficient learning algorithms
and the ability to generalize from limited data (Sastry et al.
2024). Simply scaling up resources does not guarantee the
emergence of AGI; developing architectures that can learn
abstract concepts and apply them across various domains is
crucial (Mumuni and Mumuni 2025).

Performance on Existing Puzzle Benchmarks
The performance of GPT-[n] and O-[n] models across various
puzzle benchmarks reveals both their strengths and limita-
tions in reasoning and multimodal tasks.

Giadikiaroglou et al. (2024) highlights that, despite ad-
vancements, current models often struggle with complex
textual rule-based and rule-less puzzles requiring advanced
logical inference, revealing a significant gap between their
capabilities and human-like reasoning.

On the NPR SUNDAY PUZZLE benchmark (Anderson
et al. 2025), o1 achieved a 59% accuracy rate, outperforming
models like R1, which demonstrates its proficiency in general
reasoning. However, GPT-4o struggled with deep abductive
reasoning tasks, scoring only 38% on the TRUE DETECTIVE
benchmark (Del and Fishel 2023).

In the REBUS benchmark (Gritsevskiy et al. 2024), GPT-
4o performed well with a 42% accuracy rate, but faced diffi-
culties with more complex puzzles, achieving just 7% on the
hardest ones. The o1 model also showed limitations on the
ENIGMAEVAL benchmark (Wang et al. 2025), with only 7%
accuracy on the normal split and 0% on the hard split, high-

lighting its struggle with unstructured and lateral reasoning
tasks.

GPT-4V demonstrated moderate success on the PUZ-
ZLEVQA (Chia et al. 2024) benchmark with a 46% accuracy
rate, showcasing its ability in abstract pattern recognition.
However, it scored only 30.3% on the ALGOPUZZLEVQA
(Ghosal et al. 2024), revealing challenges in solving complex
algorithmic puzzles that require both visual and algorithmic
reasoning.

Unlike other puzzle benchmarks, PUZZLEVQA tests a
model’s understanding of basic concepts such as colors,
shapes, sizes, and spatial relationships. This sets it apart
from datasets that focus purely on text or visual recognition.
ALGOPUZZLEVQA increases the complexity by introduc-
ing algorithmic reasoning, requiring models to solve puzzles
that combine visual comprehension with intricate algorith-
mic thinking. Both datasets allow for deeper analysis, as they
are created with predefined ontologies, making it easier to
identify reasoning gaps. These qualities make PUZZLEVQA
and ALGOPUZZLEVQA the ideal benchmarks for our study,
providing a comprehensive foundation for our analysis.

PUZZLEVQA & ALGOPUZZLEVQA
Understanding the capabilities and limitations of large multi-
modal models in reasoning tasks requires datasets that chal-
lenge their cognitive capabilities in nuanced ways. Multi-
modal puzzles are essential benchmarks for evaluating these
models, as they require a unique combination of perception,
reasoning, and abstraction. In this study, we employ PUZ-
ZLEVQA which emphasizes visual abstract reasoning and
pattern recognition, alongside ALGOPUZZLEVQA, which
features more complex puzzles that require algorithmic solu-
tions.

PUZZLEVQA consists 10 puzzle categories, with a total of
2,000 test instances. Four of these categories focus on single-
concept patterns, such as numbers, colors, sizes, and shapes,



while the remaining six categories emphasize dual-concept
patterns, which combine two distinct concepts. ALGOPUZ-
ZLEVQA consists of 18 distinct puzzles, each with 100 test
instances, resulting in a total of 1,800 test instances. These
puzzles cover a wide range of topics, incorporating both vi-
sual elements like colors and positions, as well as algorithmic
concepts such as Boolean logic and optimization. Figure 3
presents example puzzles from both datasets.

A key contribution of our study is expanding both datasets
beyond their original multiple-choice format to include open-
ended format. This enhancement enables a more comprehen-
sive and in-depth evaluation of model reasoning capabilities.
Additionally, we assess GPT-[n] and o-[n] models, which
have not been examined in previous research. By doing so,
we extend prior evaluations with a significantly deeper analy-
sis, richer discussions, and extensive case study examples.

Experimental Setup
Evaluation Pipeline
For both multiple-choice and open-ended setups, we use GPT-
4o for answer matching, as the varied output formats makes
answer extraction a non-trivial task. In both settings, we eval-
uate performance based on the accuracy of predicting the
correct final answer. To validate the reliability of GPT-4o for
answer matching, we manually evaluated 200 random outputs
with their matching scores. The results showed a classifica-
tion accuracy of 99%, with the task proving straightforward
due to the simplicity of the final answers.

Models
We investigate the performance of GPT-[n] and o-[n] models:
(1) GPT-4-Turbo, (2) GPT-4o, (3) GPT-4.5, (4) GPT-4.1, (5)
GPT-5.2, (6) o1, (7) o3, (8) o4-mini. We selected these two
model series from OpenAI due to their rapid advancements
and significant contributions to the field of LLMs. Each ver-
sion has introduced innovative techniques that have shaped
the LLM landscape. For example, GPT-4-Turbo excels in
understanding visual inputs, while GPT-4o is optimized for
efficient multimodal inference. The o-[n] models, a recent
addition, is trained using reinforcement learning to perform
complex reasoning before responding. For the o-[n] models,
we conducted evaluations across all three reasoning modes:

“Low”, “Medium”, “High”. To broaden the scope of our anal-
ysis and evaluate the generalizability of our findings, we
consider a diverse set of models, including several leading
open-source multimodal models such as LLaVA-1.5 13B,
Qwen-2-VL 7B, Qwen-2.5-VL 7B, and Qwen3-VL 8B In-
struct, along with the closed-source model Gemini 3 Pro
Preview. Please note that our study can easily be expanded to
other closed-sourced and open-sourced models.

Overall Performance Trends and Model
Comparisons

The results presented in Table 1 provide a comprehensive
comparison of the current capabilities and limitations of GPT-
[n], o-[n], Gemini 3 Pro, and open-source models across PUZ-
ZLEVQA and ALGOPUZZLEVQA. Evaluations conducted

under both multiple-choice and open-ended settings reveal
clear performance tiers, showcasing notable advancements
while also highlighting persistent challenges.

Superior Performance of Reasoning Models. Across
both settings, reasoning models specifically the o-[n] series
and Gemini 3 Pro consistently outperform standard GPT-
[n] models by a significant margin. Within the o-[n] series,
performance scales reliably with increased compute: “High”
variants outperform “Medium”, which in turn surpass “Low”.
Additionally, Gemini 3 Pro demonstrates exceptional capa-
bility, particularly in ALGOPUZZLEVQA where it achieves
state-of-the-art results (81.3% MC), surpassing the best o-
[n] variants. This trend highlights the value of specialized
reasoning architectures and inference-time scaling, which
effectively convert additional resources into superior logic
and perception performance.

GPT-[n] Models Progression and Limitations. Among
the GPT-[n] series, newer models like GPT-5.2 and GPT-
4.5 generally outperform earlier iterations like GPT-4o and
GPT-4-Turbo. However, even these advanced standard mod-
els are consistently outperformed by the reasoning models
such as o-[n] and Gemini 3 Pro. For instance, on ALGOPUZ-
ZLEVQA, GPT-5.2 (54.6%) trails significantly behind the
reasoning frontiers. This persistent gap highlights the limi-
tations of standard multimodal training for tasks demanding
complex abstract or algorithmic reasoning. A case study in
Figure 4 illustrates this disparity, showing how standard mod-
els fall short in visual perception compared to their reasoning
counterparts.

Fundamental Challenges in Open-Source Models. Open-
source models generally score lower than their closed-source
counterparts, though recent iterations show progress. While
Qwen-3-VL achieves 59.9% on PUZZLEVQA (MC), older
models like LLaVa-1.5 lag significantly behind (27.3% vs.
o4-mini’s 85.7%). Despite the improvements in the Qwen
series, a distinct gap remains between open weights and pro-
prietary frontiers, particularly in both visual perception and
logical inference, which we analyze further in our bottleneck
analysis.

Impact of Evaluation Settings and Dataset Complexity.
The format of evaluation, whether multiple-choice or open-
ended, significantly affects model performance. All models
consistently perform better on multiple-choice tasks, where
the limited answer space enables success through recognition
or elimination rather than generative recall. In contrast, open-
ended questions, which require precise, unaided responses,
result in a drop in accuracy, a drop which is particularly
severe for the open-source models. This gap underscores per-
sistent challenges in achieving unconstrained, fine-grained
reasoning. A case study in Figure 5 illustrates this: models
often fail to accurately infer the time from a clock image,
reflecting difficulties with detailed visual perception. Dataset
complexity further amplifies these differences. The ALGOP-
UZZLEVQA dataset, which emphasizes algorithmic, spatial,
and multi-step reasoning, consistently proves more difficult
than the PUZZLEVQA dataset. All models perform worse on



Task GPT-4-Turbo GPT-4o GPT-4.5 GPT-4.1 GPT-5.2 o1 o3 o4-mini Gemini 3 Pro LLaVa-1.5 Qwen-2-VL Qwen-2.5-VL Qwen-3-VL
Low Med High Low Med High Low Med High

M
U

LT
IP

L
E

-C
H

O
IC

E

PUZZLEVQA

Colors 43.0 75.0 88.5 86.0 98.0 88.5 91.5 91.5 98.5 98.5 99.0 99.5 100.0 99.5 94.0 22.0 41.5 41.5 85.5
Numbers 83.0 85.0 97.5 98.5 69.5 96.5 98.0 99.0 99.5 99.0 99.5 99.0 98.5 99.0 99.0 20.5 45.0 45.0 80.0
Shapes 58.5 67.5 74.5 75.0 71.5 59.5 66.5 66.5 78.5 78.0 74.0 61.0 74.5 70.5 77.0 28.0 27.0 27.0 74.0
Size 37.0 44.0 70.5 61.0 66.0 63.5 70.5 77.5 81.0 85.5 87.5 79.0 78.5 86.0 83.5 35.5 33.5 33.5 34.5
Colors & Numbers 62.0 52.0 86.5 82.5 68.5 92.5 98.5 99.0 95.0 97.5 97.5 99.0 100.0 99.5 92.5 26.0 31.5 31.5 70.5
Colors & Shapes 61.5 64.0 78.5 64.0 61.0 69.5 76.5 80.0 87.5 95.5 92.0 79.5 86.5 86.5 84.5 35.0 30.0 30.0 39.0
Colors & Size 48.0 57.5 60.5 65.5 58.5 43.0 49.0 50.0 53.5 58.5 57.0 64.5 67.5 72.5 71.5 30.0 52.0 52.0 58.5
Numbers & Shapes 51.5 42.5 43.0 67.0 75.0 82.0 86.5 92.0 88.0 88.0 92.0 87.5 93.0 96.0 99.0 23.0 45.0 45.0 71.5
Numbers & Size 30.5 29.5 47.5 52.0 37.0 45.0 44.0 47.0 48.5 49.0 45.0 42.0 64.0 62.0 73.5 25.0 23.5 23.5 35.5
Size & Shapes 55.0 60.5 95.0 70.0 68.5 72.0 82.5 86.5 91.0 91.5 97.0 78.5 86.5 85.5 88.5 28.0 38.5 38.5 49.5

Average 53.0 57.8 74.2 72.2 67.3 71.2 76.3 78.9 82.1 84.1 84.0 79.0 84.9 85.7 86.3 27.3 36.8 36.8 59.9

ALGOPUZZLEVQA

Board Tiling 49.0 52.0 51.0 55.0 49.0 52.0 53.0 48.0 55.0 60.0 60.0 48.0 44.0 52.0 93.0 44.0 54.0 54.0 45.0
Calendar 55.0 61.0 67.0 68.0 70.0 84.0 90.0 90.0 93.0 96.0 96.0 94.0 98.0 99.0 99.0 23.0 25.0 25.0 70.0
Chain Link 4.0 5.0 2.0 2.0 23.0 30.0 35.0 58.0 47.0 65.0 75.0 33.0 45.0 77.0 61.0 26.0 28.0 28.0 26.0
Checker Move 15.0 18.0 36.0 34.0 56.0 41.0 46.0 52.0 61.0 59.0 56.0 82.0 94.0 97.0 94.0 24.0 23.0 23.0 64.0
Clock 19.0 14.0 56.0 68.0 76.0 65.0 76.0 81.0 96.0 97.0 98.0 85.0 92.0 91.0 98.0 19.0 25.0 25.0 55.0
Colour Hue 33.0 25.0 23.0 26.0 38.0 36.0 43.0 43.0 41.0 36.0 47.0 42.0 44.0 47.0 43.0 19.0 14.0 14.0 30.0
Map Colour 20.0 28.0 0.0 0.0 51.0 3.0 1.0 50.0 2.0 4.0 5.0 3.0 4.0 3.0 61.0 28.0 35.0 35.0 44.0
Maze Solve 32.0 39.0 30.0 27.0 38.0 41.0 44.0 50.0 36.0 39.0 39.0 39.0 32.0 42.0 49.0 20.0 27.0 27.0 26.0
Move Box 34.0 35.0 41.0 37.0 39.0 26.0 24.0 30.0 49.0 46.0 52.0 46.0 47.0 50.0 87.0 34.0 26.0 26.0 27.0
N-Queens 18.0 14.0 3.0 3.0 98.0 18.0 13.0 15.0 34.0 38.0 35.0 39.0 52.0 56.0 96.0 21.0 18.0 18.0 36.0
Number Slide 27.0 32.0 21.0 18.0 83.0 26.0 27.0 88.0 28.0 27.0 30.0 29.0 29.0 29.0 94.0 25.0 34.0 34.0 76.0
Rotten Fruits 25.0 53.0 81.0 72.0 74.0 43.0 48.0 52.0 86.0 84.0 84.0 96.0 99.0 97.0 100.0 25.0 27.0 27.0 71.0
Rubik’s Cube 40.0 31.0 61.0 47.0 72.0 64.0 68.0 74.0 78.0 75.0 85.0 77.0 80.0 92.0 88.0 34.0 31.0 32.0 50.0
Think A Dot 37.0 42.0 40.0 49.0 56.0 53.0 57.0 61.0 66.0 74.0 69.0 67.0 82.0 74.0 74.0 36.0 34.0 34.0 56.0
Tower of Hanoi 8.0 19.0 29.0 39.0 42.0 50.0 59.0 63.0 77.0 81.0 79.0 60.0 76.0 85.0 83.0 28.0 32.0 32.0 20.0
Water Jugs 13.0 34.0 37.0 43.0 48.0 48.0 57.0 43.0 80.0 89.0 88.0 67.0 82.0 82.0 84.0 33.0 13.0 13.0 50.0
Wheel of Fortune 15.0 33.0 47.0 51.0 40.0 48.0 55.0 56.0 66.0 65.0 75.0 50.0 58.0 69.0 81.0 36.0 35.0 35.0 50.0
Wood Slide 13.0 21.0 22.0 28.0 30.0 26.0 23.0 25.0 46.0 52.0 48.0 33.0 24.0 36.0 78.0 27.0 23.0 20.0 14.0

Average 25.4 30.9 35.9 37.1 54.6 41.9 45.5 54.4 57.8 60.4 62.3 55.0 60.1 65.4 81.3 27.9 28.0 27.9 45.0
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PUZZLEVQA

Colors 51.0 72.5 81.0 87.0 96.0 89.5 90.0 80.5 98.5 98.5 98.0 99.5 100.0 99.5 86.5 4.0 44.0 43.5 67.5
Numbers 82.5 84.5 91.0 95.5 54.0 93.0 98.0 96.5 95.0 94.5 93.0 93.0 91.5 93.0 76.0 7.5 21.0 21.0 73.5
Shapes 32.5 51.5 66.5 54.0 47.0 45.0 48.0 54.5 63.0 62.0 62.5 57.0 55.0 57.0 48.5 27.5 23.5 23.5 51.5
Size 19.0 39.0 53.0 59.5 59.5 48.5 55.0 54.5 72.0 75.0 72.0 57.5 69.0 79.5 79.0 15.0 21.0 21.5 32.5
Colors & Numbers 54.5 48.0 71.0 67.5 50.5 93.0 96.5 97.0 90.5 93.5 92.0 97.0 97.5 98.0 78.0 9.0 20.5 20.5 63.0
Colors & Shapes 30.0 45.5 75.5 48.5 40.0 67.5 74.0 75.0 89.0 90.5 90.0 74.0 84.0 88.5 88.5 8.0 15.0 15.0 18.0
Colors & Size 31.5 21.5 55.0 54.5 39.0 35.5 35.5 30.0 48.0 55.5 57.0 49.5 57.5 59.0 50.5 4.5 25.5 25.0 15.5
Numbers & Shapes 31.5 20.0 26.0 40.0 58.5 67.0 78.5 78.0 73.5 78.5 83.5 66.5 71.5 86.0 91.0 3.0 21.5 21.5 49.5
Numbers & Size 24.5 34.5 43.0 42.0 36.0 38.5 44.5 41.5 43.5 43.5 47.0 38.0 45.0 52.0 62.5 18.0 26.0 26.0 28.0
Size & Shapes 28.5 50.5 74.0 56.0 47.5 47.0 53.0 55.0 77.5 78.0 81.0 76.5 78.0 91.0 64.0 5.0 22.5 22.5 19.5

Average 38.5 46.8 63.6 60.5 52.8 62.5 67.3 66.2 75.0 77.0 77.6 70.8 74.9 80.3 72.5 10.2 24.1 24.0 41.9

ALGOPUZZLEVQA

Board Tiling 46.0 46.0 56.0 51.0 48.0 52.0 49.0 51.0 58.0 58.0 61.0 48.0 51.0 53.0 82.0 52.0 51.0 51.0 47.0
Calendar 43.0 52.0 64.0 63.0 58.0 71.0 80.0 83.0 85.0 95.0 94.0 90.0 93.0 97.0 96.0 8.0 13.0 13.0 45.0
Chain Link 1.0 3.0 0.0 0.0 1.0 0.0 0.0 1.0 3.0 2.0 4.0 0.0 1.0 6.0 64.0 0.0 0.0 0.0 1.0
Checker Move 3.0 7.0 14.0 18.0 26.0 28.0 28.0 34.0 46.0 49.0 46.0 32.0 52.0 74.0 83.0 0.0 1.0 1.0 43.0
Clock 0.0 3.0 12.0 20.0 44.0 6.0 6.0 6.0 19.0 16.0 25.0 20.0 15.0 13.0 45.0 0.0 1.0 1.0 6.0
Colour Hue 5.0 10.0 15.0 14.0 26.0 14.0 15.0 15.0 20.0 17.0 23.0 12.0 18.0 20.0 28.0 3.0 5.0 5.0 23.0
Map Colour 10.0 22.0 0.0 1.0 44.0 1.0 0.0 21.0 1.0 0.0 1.0 2.0 2.0 1.0 51.0 0.0 6.0 7.0 28.0
Maze Solve 16.0 8.0 9.0 14.0 22.0 14.0 22.0 17.0 14.0 11.0 10.0 15.0 15.0 16.0 39.0 1.0 0.0 0.0 1.0
Move Box 20.0 23.0 32.0 43.0 31.0 24.0 25.0 23.0 40.0 47.0 47.0 34.0 39.0 41.0 95.0 5.0 2.0 2.0 29.0
N-Queens 17.0 16.0 12.0 8.0 98.0 12.0 12.0 16.0 21.0 23.0 22.0 30.0 31.0 47.0 99.0 2.0 1.0 1.0 13.0
Number Slide 14.0 32.0 19.0 17.0 70.0 26.0 23.0 71.0 27.0 27.0 28.0 23.0 27.0 28.0 98.0 4.0 6.0 6.0 54.0
Rotten Fruits 32.0 53.0 69.0 71.0 59.0 41.0 41.0 43.0 75.0 76.0 77.0 95.0 95.0 96.0 95.0 0.0 3.0 3.0 66.0
Rubik’s Cube 32.0 44.0 58.0 48.0 60.0 52.0 53.0 54.0 68.0 63.0 69.0 66.0 72.0 78.0 87.0 9.0 13.0 14.0 34.0
Think A Dot 36.0 41.0 41.0 44.0 51.0 40.0 45.0 32.0 38.0 48.0 38.0 55.0 56.0 55.0 57.0 9.0 8.0 8.0 38.0
Tower of Hanoi 0.0 2.0 10.0 24.0 20.0 31.0 35.0 39.0 60.0 69.0 60.0 38.0 60.0 64.0 77.0 13.0 0.0 0.0 10.0
Water Jugs 8.0 23.0 24.0 34.0 36.0 29.0 43.0 42.0 72.0 85.0 87.0 53.0 66.0 76.0 68.0 0.0 0.0 0.0 43.0
Wheel of Fortune 14.0 29.0 33.0 36.0 32.0 37.0 34.0 31.0 43.0 43.0 49.0 33.0 34.0 38.0 57.0 4.0 10.0 10.0 29.0
Wood Slide 0.0 1.0 1.0 9.0 2.0 0.0 0.0 0.0 16.0 25.0 29.0 0.0 4.0 9.0 79.0 0.0 2.0 3.0 5.0

Average 16.5 23.1 26.1 28.6 40.4 26.6 28.4 32.2 39.2 41.9 42.8 35.9 40.6 45.1 72.2 6.1 6.8 6.9 28.6

Table 1: Performance comparison of closed-source and open-source models on the PUZZLEVQA and ALGOPUZZLEVQA
datasets under both multiple-choice and open-ended settings.

ALGOPUZZLEVQA, with the performance gap between all
three tiers of models widening under increased complexity.

Performance on PUZZLEVQA
Strong Performance on Basic Concepts On PUZ-
ZLEVQA, particularly for tasks centered around singular
concepts like Colors or Numbers, the more advanced o-
[n] models, demonstrate exceptional proficiency, frequently
achieving near-perfect or perfect scores (e.g., 98-100% for
o4-mini (High) on Colors and Numbers in multiple-choice).
This indicates a very strong grasp of fundamental visual per-
ception and attribute extraction. GPT-[n] models, particularly
GPT-4.5 and GPT-4.1, also perform reasonably well on these
simpler tasks, though generally not reaching the same consis-
tent near-perfection as o-[n] models.

Challenges with Concept Combinations and Size Percep-
tion The challenge becomes more pronounced when tasks
require reasoning over combinations of concepts such as
Colors & Shapes or Numbers & Size or involve perceiving
Size alone. In these puzzles, all models exhibit a noticeable
decline in performance, underscoring the inherent difficulty

of compositional reasoning, where multiple visual elements
must be integrated accurately. Among these concepts, Size
emerges as a consistent bottleneck, whether in isolation, or
in conjunction with others (Colors & Size, Numbers & Size)
tend to achieve lower scores than those focused solely on
Colors or Numbers. This suggests that current models strug-
gle more with interpreting relative spatial extent and making
proportional comparisons than with processing discrete, cat-
egorical features. Nevertheless, the o-[n] models continues
to outperform others, demonstrating stronger capabilities in
compositional and relational visual reasoning.

Average Performance Summary for PUZZLEVQA In
the multiple-choice setting, GPT-4.5 achieved an average ac-
curacy of 74.2%. In comparison, the o4-mini (High) model
performed significantly better, with an average of 85.7%.
Other high-performing models in the o-[n] family, such as
o3 (Medium/High), also scored in the mid-80s. A similar
performance gap is evident in the open-ended setting, GPT-
4.5 averaged 63.6%, whereas o4-mini (High) reached an
impressive 80.3%. These results underscore the o-[n] models’
superior ability to comprehend and reason through the visual



Figure 4: A case study on the Size & Shape puzzle in PUZZLEVQA reveals that GPT-[n] models exhibit weaker visual perception
capabilities compared to o-[n] models.

Figure 5: A case study on the Clock puzzle in ALGOPUZZLEVQA, evaluated in both multiple-choice and open-ended settings,
shows that both GPT-[n] and o-[n] models still lack fine-grained visual perception capabilities.

puzzles in the dataset, demonstrating strength not only in ba-
sic visual perception but also in understanding more complex
concept combinations.

Performance on ALGOPUZZLEVQA
Significant Challenges in Algorithmic and Spatial Rea-
soning The results on ALGOPUZZLEVQA underscore that
complex algorithmic and spatial reasoning remains a chal-
lenge for current models. Overall scores are considerably
lower across all models compared to PUZZLEVQA. GPT-[n]
models struggle significantly with certain tasks such as Chain
Link and Map Colour in the open-ended setting, often scoring
near zero, indicating a fundamental difficulty in undestanding
the underlying principles or performing necessary reasoning
steps for these puzzle types.

Gains by o-[n] Models on Complex Algorithmic Tasks
Despite the overall difficulty, the o-[n] models demonstrate
improvements on several complex algorithmic tasks within
ALGOPUZZLEVQA. For instance, on Calendar related puz-
zles, o4-mini (High) achieves scores in the high 90s (MC:
99.0%, OE: 97.0%), a huge difference compared to GPT-4.5’s
67.0% (MC) and 64.0% (OE). Similarly, on Checker Move,

GPT-4.5 scores 36.0% (MC), while o4-mini (High) reaches
97.0% (MC). These improvements suggest that the o-[n] mod-
els have developed more advanced capabilities for sequential
decision-making, state tracking, and applying learned algo-
rithmic patterns, enabling them to tackle certain classes of
complex problems with significantly greater effectiveness.

Challenges in Highly Abstract or Combinatorics Puzzles
Puzzles such as Map Colour and Chain Link particularly
in their open-ended formats consistently produce very low
scores, with o4-mini High scoring only 1.0% and GPT-4.5
0.0% on Map Colour, and 6.0% and 0.0% respectively on
Chain Link. These problems typically require abstract graph
reasoning, intricate constraint satisfaction, or planning over a
vast combinatorial space where even the most advanced mod-
els still struggle. Similarly, Wood Slide remains a challenge
in its open-ended format for all models.

Average Performance Summary for ALGOPUZZLEVQA
The average performance highlight both the dataset’s dif-
ficulty and the varying capabilities of different models. In
the multiple-choice setting, the best-performing GPT model
(GPT-4.1) achieved an average accuracy of 37.1%, whereas
o4-mini (High) significantly outperformed it with 65.4%. A



Task GPT-4-Turbo GPT-4o GPT-4.5 GPT-4.1 o1 o3 o4-mini Qwen-2-VL Qwen-2.5-VL LLaVa-1.5
Low Med High Low Med High Low Med High

O
P

E
N

-E
N

D
E

D
P

U
Z

Z
L

E
V

Q
A

ORIGINAL

Colors 51.0 72.5 81.0 87.0 89.5 90.0 80.5 98.5 98.5 98.0 99.5 100.0 99.5 44.0 43.5 4.0
Numbers 82.5 84.5 91.0 95.5 93.0 98.0 96.5 95.0 94.5 93.0 93.0 91.5 93.0 21.0 21.0 7.5
Shapes 32.5 51.5 66.5 54.0 45.0 48.0 54.5 63.0 62.0 62.5 57.0 55.0 57.0 23.5 23.5 27.5
Size 19.0 39.0 53.0 59.5 48.5 55.0 54.5 72.0 75.0 72.0 57.5 69.0 79.5 21.0 21.5 15.0
Colors & Numbers 54.5 48.0 71.0 67.5 93.0 96.5 97.0 90.5 93.5 92.0 97.0 97.5 98.0 20.5 20.5 9.0
Colors & Shapes 30.0 45.5 75.5 48.5 67.5 74.0 75.0 89.0 90.5 90.0 74.0 84.0 88.5 15.0 15.0 8.0
Colors & Size 31.5 21.5 55.0 54.5 35.5 35.5 30.0 48.0 55.5 57.0 49.5 57.5 59.0 25.5 25.0 4.5
Numbers & Shapes 31.5 20.0 26.0 40.0 67.0 78.5 78.0 73.5 78.5 83.5 66.5 71.5 86.0 21.5 21.5 3.0
Numbers & Size 24.5 34.5 43.0 42.0 38.5 44.5 41.5 43.5 43.5 47.0 38.0 45.0 52.0 26.0 26.0 18.0
Size & Shapes 28.5 50.5 74.0 56.0 47.0 53.0 55.0 77.5 78.0 81.0 76.5 78.0 91.0 22.5 22.5 5.0

Average 38.5 46.8 63.6 60.5 62.5 67.3 66.2 75.0 77.0 77.6 70.8 74.9 80.3 24.1 24.0 10.2

ORIGINAL + VISUAL PERCEPTION

Colors 75.0 80.0 92.0 95.5 99.0 100.0 94.0 100.0 100.0 100.0 100.0 100.0 100.0 64.0 64.0 23.0
Numbers 77.0 88.5 98.0 94.5 98.5 99.5 98.0 95.5 92.5 91.5 97.5 92.5 92.0 25.5 25.5 5.0
Shapes 71.5 63.5 66.0 63.5 45.5 50.5 55.5 68.0 63.5 65.5 54.5 54.5 54.0 52.0 52.0 27.0
Size 64.5 62.5 93.5 97.0 93.5 98.0 98.0 98.5 99.5 99.0 99.0 99.5 100.0 67.0 67.0 45.5
Colors & Numbers 67.0 52.0 94.5 83.5 97.0 95.0 95.0 95.5 96.5 94.5 96.5 98.0 98.5 32.5 32.0 13.5
Colors & Shapes 81.0 77.5 75.5 70.0 86.5 82.5 81.5 86.5 88.5 86.5 82.5 83.0 89.5 8.0 8.0 23.0
Colors & Size 53.5 78.0 84.5 80.5 96.0 99.0 99.0 96.5 99.0 97.0 93.0 98.0 99.5 20.0 20.0 12.5
Numbers & Shapes 29.5 33.5 26.5 35.0 88.5 89.0 86.0 78.0 82.0 83.0 79.5 86.5 90.5 16.5 16.5 14.5
Numbers & Size 70.0 73.0 79.0 68.5 77.0 82.0 81.5 81.0 82.5 79.5 69.0 80.0 77.5 28.5 28.5 12.5
Size & Shapes 97.5 92.5 92.5 88.0 92.0 98.0 98.0 93.5 94.5 96.5 90.0 98.5 98.5 57.5 58.0 31.5

Average 68.7 70.1 80.2 77.6 87.3 89.3 88.7 89.3 89.8 89.3 86.2 89.0 90.0 37.1 37.1 20.8

ORIGINAL + VISUAL PERCEPTION + INDUCTION

Colors 97.0 92.0 100.0 100.0 100.0 100.0 99.0 99.5 100.0 100.0 100.0 100.0 100.0 50.5 50.5 40.5
Numbers 98.5 99.5 98.5 100.0 98.0 96.5 97.0 100.0 100.0 99.5 99.5 99.0 98.5 85.0 85.0 31.0
Shapes 97.5 97.5 100.0 93.0 97.5 99.0 100.0 88.5 88.0 91.0 91.5 91.0 94.0 55.0 55.0 49.0
Size 95.5 96.5 99.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 99.5 100.0 74.0 74.0 54.0
Colors & Numbers 89.5 89.5 98.5 99.5 100.0 100.0 100.0 99.5 100.0 100.0 99.5 99.0 99.5 60.0 60.0 47.0
Colors & Shapes 64.5 77.0 88.5 87.5 88.0 87.0 89.5 95.5 93.5 97.5 90.5 94.5 98.0 17.0 17.0 30.0
Colors & Size 75.5 94.5 93.5 86.5 92.5 92.5 94.0 98.0 98.0 99.0 99.0 98.0 99.0 34.5 34.5 45.5
Numbers & Shapes 84.5 85.5 78.5 84.0 91.0 89.5 91.0 90.0 88.5 87.5 93.0 93.0 93.5 46.0 46.0 11.5
Numbers & Size 63.0 73.5 78.5 87.0 74.0 72.5 77.5 80.0 82.0 81.5 63.5 57.0 60.5 43.0 43.0 12.5
Size & Shapes 93.0 92.5 90.0 91.5 97.5 99.0 99.5 95.5 97.5 95.0 98.0 98.5 99.5 68.0 68.0 64.0

Average 85.8 89.8 92.5 92.9 93.8 93.6 94.8 94.7 94.8 95.1 93.5 93.0 94.2 53.3 53.3 38.5

Table 2: Bottleneck analysis of GPT-[n] and o-[n] models on PUZZLEVQA in the open-ended setting. Original refers to our
default setting where only a question and an image are provided as input. To reveal the specific multimodal reasoning bottlenecks,
we progressively inject ground-truth explanations in the input for visual perception and inductive reasoning.

similar pattern holds for open-ended setting where GPT-4.1
reached 28.6%, while o4-mini (High) attained 45.1%. These
results show that while the o-[n] models have made notable
progress in tackling algorithmic puzzles, overall performance
remains modest, indicating that this domain is far from being
solved.

Bottleneck Analysis
Our bottleneck analysis on PUZZLEVQA (Table 2) reveals
that providing ground-truth visual perception shows perfor-
mance gains across all models (GPT-4.5: 63.6% to 80.2%;
o4-mini (High): 80.3% to 90.0%). This consistent improve-
ment, observed across different models, clearly isolates visual
perception as a primary bottleneck in the baseline. Subse-
quently, even with perfect visual perception assumed, inject-
ing ground-truth inductive reasoning provides further sig-
nificant performance increases (GPT-4.5: 80.2% to 92.5%;
o4-mini (High): 90.0% to 94.2%), underscoring inductive
reasoning as a separate and significant limiting factor. Over-
all, the progressive injection from the “Original” setting to
“Original + Visual Perception + Induction” quantifies the sub-
stantial impact of these distinct components for closed-source
models (GPT-4.5 total gain from 63.6% to 92.5%), indicating
that while these models possess strong underlying reasoning,
their performance is notably constrained by difficulties in
both visual perception and induction. In contrast, our anal-
ysis of open-source models reveals two fundamental bottle-
necks rooted in both perception and reasoning. For example,
LLaVa-1.5 improves only from 10.2% to 20.8% when given
perception hints. Its performance increases further to 38.5%

when induction hints are also provided. This progression
shows that even with complete visual information, the model
still struggles to infer the underlying pattern, indicating limi-
tations in its core reasoning capabilities. The combination of
weak perception and weak inductive reasoning helps explain
the overall poor performance of these models.

Conclusion

This study assesses the multimodal reasoning capabilities
of the GPT-[n], o-[n], and open-source model series using
the PUZZLEVQA and ALGOPUZZLEVQA benchmarks. Our
findings establish clear performance tiers, revealing a signif-
icant advancement with later o-[n] iterations, which consis-
tently and scalably outperform GPT-[n] models, which in turn
significantly outperform the open-source alternatives. Across
all models, performance was notably stronger in multiple-
choice settings compared to open-ended ones. The o-[n] mod-
els demonstrated distinct strengths in specific algorithmic
tasks (e.g., Calendar) and basic concept recognition (e.g.,
Colors). However, persistent challenges remain, particularly
in compositional reasoning (e.g., Colors & Shapes), fine-
grained visual perception (especially Size), and complex algo-
rithmic puzzles. Our bottleneck analysis highlights that while
closed-source models are primarily limited by perception,
open-source models face severe challenges in both percep-
tion and subsequent inductive reasoning. This emphasizes
that, despite architectural progress across the board, substan-
tial improvements in these core areas are essential to closing
the gap toward robust, human-like multimodal intelligence.
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