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Abstract

Reasoning benchmarks such as the Abstrac-
tion and Reasoning Corpus (ARC) and ARC-
AGI are widely used to assess progress in ar-
tificial intelligence and are often interpreted
as probes of core, so-called “fluid” reasoning
abilities. Despite their apparent simplicity for
humans, these tasks remain challenging for
frontier vision-language models (VLMs), a gap
commonly attributed to deficiencies in machine
reasoning. We challenge this interpretation and
hypothesize that the gap arises primarily from
limitations in visual perception rather than from
shortcomings in inductive reasoning.

To verify this hypothesis, we introduce a two-
stage experimental pipeline that explicitly sep-
arates perception and reasoning. In the per-
ception stage, each image is independently
converted into a natural-language description,
while in the reasoning stage a model induces
and applies rules using these descriptions. This
design prevents leakage of cross-image in-
ductive signals and isolates reasoning from
perception bottlenecks. Across three ARC-
style datasets, Mini-ARC, ACRE, and Bongard-
LOGO, we show that the perception capability
is the dominant factor underlying the observed
performance gap by comparing the two-stage
pipeline with against standard end-to-end one-
stage evaluation. Manual inspection of reason-
ing traces in the VLM outputs further reveals
that approximately 80 percent of model failures
stem from perception errors. Together, these re-
sults demonstrate that ARC-style benchmarks
conflate perceptual and reasoning challenges
and that observed performance gaps may over-
state deficiencies in machine reasoning. Our
findings underscore the need for evaluation pro-
tocols that disentangle perception from reason-
ing when assessing progress in machine intelli-
gence.

1 Introduction

Reasoning capability has increasingly become a
central criterion for evaluating the progress of fron-
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tier artificial intelligence (AI) models (Google,
2025; OpenAl, 2024). Correspondingly, a wide
range of reasoning benchmarks have emerged to
assess different dimensions of reasoning perfor-
mance (ARC Prize Foundation, 2025; Yue et al.,
2025; Chen et al., 2021; Rein et al., 2024). Among
these, the Abstraction and Reasoning Corpus
(ARC) (Chollet, 2019) and its successor, ARC-
AGI (ARC Prize Foundation, 2025; Chollet et al.,
2025), have attracted particular attention, as they
are widely viewed as tests of core reasoning abili-
ties and, in some views, as indicators of progress
toward general intelligence (Chollet et al., 2024).
Reflecting their influence, frontier Al labs, in-
cluding OpenAl and Google, routinely highlight
their models’ performance on ARC as a key in-
dicator of advances in general reasoning capabili-
ties (Google, 2025; ARC Prize Foundation, 2025;
OpenAl, 2024).

The core design principle of ARC and ARC-
AGI is to evaluate “fluid intelligence (the ability to
reason, solve novel problems, and adapt to new sit-
uations) rather than crystallized intelligence, which
relies on accumulated knowledge and skills,” (ARC
Prize Foundation, 2025) where the former is consid-
ered a core reasoning capability at which current Al
models still fall short. Concretely, ARC and ARC-
AGTI take the form of grid-based puzzles, as shown
in Figure 1a. Each problem consists of several
input-output demonstration pairs and a test input.
The solver—human or Al-must induce a common
rule from the demonstrations and then apply it to
the test input. In the specific example in Figure 1a,
the correct solution requires recognizing the pat-
tern that the 2 x 2 block on the bottom-right corner
encodes the rotation rule for the 3x3 green object in
the upper-left, and the position of the yellow pixel
indicates degrees of rotation. The solver must then
apply this inferred rule to the test input to generate
the correct test output.

Empirically, these problems are found to be easy
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(a) An example ARC problem shown in 2-D visually.

Task Demonstration Examples:

Input: [[e, o,
3, o, o1, [o,
Output: [[3,
o, o, o1, [o,

o], [3, 3,
e, o, 1, 11, [o,
o, o, o, o1, [o,
0, o0, o, o1, [o,

o1, [o,
0, 0, 4, 111
3, 3, 0, o],
0, o, 0, 0]1]

e, 0, 9, o, o,

[o, o,

(Omitting two demonstration examples.)
Test Example:

[[e, o, 3, o,
o], [e, o, o,

o], [3, 3, 3, o,
4, 11, [o, o, o,

o], [o, o,
1, 111

Input:
9, o,

(b) The same ARC problem shown in a serialized format.

Figure 1: An example ARC problem. One is asked to induce a common rule from the input-output pairs in the task
demonstration examples, and then apply this rule to the test input to generate the test output. The difficulty of this
task to human players critically depends on how the problem is presented.

for humans yet surprisingly hard for even state-of-
the-art frontier AT models' (ARC Prize Foundation,
2025). A common belief is that this persistent gap
between Al and human reflects a fundamental ad-
vantage of humans’ reasoning capabilities (Chollet
et al., 2024). In this work, we critically exam-
ine this belief, and hypothesize that the gap arises
primarily because ARC problems particularly fa-

vor humans’ innate visual perception, rather than
reflecting a genuine difference in the reasoning
capability (or “fluid intelligence”). This hypothe-
sis is motivated by the observation that the diffi-
culty of the ARC problem to human players de-
pends strongly on how the problem is presented.
As shown in Figure 1, presenting the same problem
in a serialized format (Figure 1b) makes it far more
difficult for humans to solve than when shown in
its original 2-D visual format (Figure 1a).

Our hypothesis involves the explicit separation
of perception and reasoning capabilities required
to solve ARC-style tasks. Conceptually, perception
refers to the ability to recognize meaningful objects
from raw visual inputs, whereas reasoning refers
to the ability to induce patterns among the recog-
nized objects in demonstrations. A key challenge
in verifying our hypothesis lies in the fact that the
success of perception is a prerequisite for the suc-
cess of reasoning in solving an ARC-style problem,
which makes it difficult to have a clean measure
and comparison of the perception and reasoning
capabilities of a given model.

To address this challenge and verify our hypoth-
esis, we design a two-stage experimental pipeline.

'"Throughout this paper, we focus on vision-language mod-
els (VLMs) unless stated otherwise, as most frontier models
are evaluated on these benchmarks in VLM form. We note
that other kinds of models specialized for ARC-style tasks fall
outside the scope of our discussion.

The first stage (perception stage) transforms the
raw image inputs into natural language descrip-
tions. Crucially, this transformation is applied to
each images in isolation, ensuring that no cross-
image inductive signals are leaked during this stage.
This atomistic approach guarantees that inductive
reasoning occurs exclusively in the second stage
(reasoning stage), where an Al model is tasked
with solving the problem using the natural language
descriptions obtained from the perception stage.
The natural-language-based representation is sup-
posed to alleviate the perception challenge for the
model while preserving the inductive structure of
the problem. This pipeline allows us to isolate the
model’s inductive reasoning performance from its
perceptual bottlenecks, providing a clearer picture
of where the “reasoning gap” truly resides.

We conduct experiments on three ARC-style
visual reasoning datasets, Mini-ARC (Kim et al.,
2022), ACRE (Zhang et al., 2021), and Bongard-
LOGO (Nie et al., 2020). We compare the perfor-
mance of vision-language models (VLMs) under
both the standard end-to-end one-stage setting and
the proposed two-stage pipeline. Our empirical re-
sults provide three key findings that support our hy-
pothesis. First, we demonstrate that the two-stage
pipeline, in which a dedicated perception stage
transforms the raw image inputs into natural lan-
guage descriptions, significantly outperforms the
end-to-end one-stage application of the same VLM.
Second, we find that a hybrid two-stage pipeline
combining a strong VLM for the perception stage
with a weaker VLM for the reasoning stage yields
performance close to that of an end-to-end strong
VLM, while substantially outperforming an end-to-
end weak VLM. This result suggests that percep-
tual capability, rather than reasoning strength, is the
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primary bottleneck in these tasks. Finally, through
manual inspection of model reasoning traces, we
observe that approximately 80% of failure cases
stem from perception errors, i.e., failing to properly
identify visual objects. Furthermore, the majority
of the performance gains achieved by the two-stage
pipeline can be attributed to a reduction in such
perception errors.

In summary, our study reveals an important per-
ception bottleneck in an influential class of reason-
ing benchmarks, abstract reasoning benchmarks,
through carefully controlled experiments. Our re-
sults suggest that performance gaps on ARC-style
tasks may conflate limitations in visual perception
with deficiencies in inductive reasoning. This find-
ing calls for caution in interpreting these bench-
marks as direct measures of reasoning or fluid in-
telligence in frontier Al models, and highlights the
importance of disentangling perceptual and rea-
soning components when evaluating progress in
machine reasoning.

2 Related Work

Reasoning Benchmarks. Reasoning bench-
marks can be categorized by (i) the input modality
and (ii) how much they rely on external knowledge
versus in-context rule induction.  Text-only
benchmarks probe reasoning entirely in language,
spanning broad knowledge and multi-disciplinary
question answering (e.g., MMLU (Hendrycks
et al., 2020)), multi-step mathematical problem
solving (e.g., GSM8K (Cobbe et al., 2021)), func-
tional code generation (e.g., HUMANEVAL (Chen
et al., 2021)), and harder challenge suites designed
to reduce superficial heuristics (e.g., GPQA (Rein
et al., 2024), BIG-BENCH HARD (Suzgun
et al.,, 2023)). Vision-language benchmarks
explicitly couple perception (e.g., reading,
grounding, extracting structure from images)
with knowledge-based reasoning, including
scientific and mathematical reasoning over
diagrams (e.g., SCIENCEQA (Lu et al., 2022),
MATHVISTA (Lu et al., 2023)), text-rich visual un-
derstanding (e.g., DOCVQA (Mathew et al., 2021),
TEXTVQA (Singh et al., 2019)), and comprehen-
sive multi-domain suites (e.g., MMMU (Yue et al.,
2024), MMBENCH (Liu et al., 2024b)). Finally,
knowledge-light visual abstraction benchmarks
aim to minimize human priors by emphasizing
pattern recognition, abstraction, and generalization
from minimal visual examples (e.g., ARC (ARC

Prize Foundation, 2025), ACRE (Zhang et al.,
2021) and BONGARD-LOGO (Nie et al., 2020)).
These knowledge-light abstraction benchmarks
are the primary focus of our work: although they
are widely viewed as reasoning-centric tests that
require minimal perceptual effort, we demonstrate
that their performance can be strongly limited by
perceptual bottlenecks, and that substantial gains
can arise from improving perception rather than
advancing reasoning.

State-of-the-Art Performance on the ARC
Benchmarks. Recent progress on ARC/ARC-
AGI can be broadly grouped into (i) general-
purpose foundation models, including LL.Ms that
serialize grids into text VLMs that operate directly
on the visual grid representation; and (ii) tailored
ARC solvers that introduce task-specific search,
program synthesis, or specialized architectures. For
general-purpose foundation models, GPT-5.2 Pro
(High) and Gemini 3 Pro (Deep Think) have estab-
lished a new ceiling, achieving scores of 54.2% and
45.1% respectively in ARC-AGI-2 primarily due
to their extended thinking ability (ARC Prize, Inc.,
2025). This shift towards scaling test-time compu-
tation has crystallized into a new paradigm named
“refinement loops,” where systems iteratively opti-
mize solutions against feedback rather than relying
on single-shot inference.

Among tailored approaches, test-time training
(TTT) has emerged as a strong general mecha-
nism for few-shot adaptation on ARC, substan-
tially improving over fine-tuned baselines and often
combining well with other solver components (Li
et al., 2024; Akyiirek et al., 2025). Alternative neu-
ral approaches include the Hierarchical Reasoning
Model (HRM) and its recursive variants, which
utilize small recurrent architectures (Wang et al.,
2025; Jolicoeur-Martineau, 2025), and masked
diffusion models, which refine the grid globally
to capture structural constraints (Franzen et al.,
2025). Additionally, CompressARC explores test-
time learning by minimizing description length on
the target puzzle (Liao and Gu, 2025). Finally,
a very recent concurrent work argues that “ARC
is a vision problem” (Hu et al., 2025), reframing
ARC as image-to-image translation with a ViT-
style backbone and test-time adaptation, which
gives an example of a vision-centric route to ARC
performance. While this recent trend suggests that
enhancing perception boosts performance, our pri-
mary goal is to challenge the interpretation of ARC
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performance as a proxy for general intelligence.
Therefore, in this paper, we focus specifically on
general-purpose VLMs, aiming to understand how
much of their ARC performance is limited by per-
ception rather than reasoning.

Limitations of the ARC Benchmarks. The re-
search community has suggested several limita-
tions that complicate treating ARC scores as a
clean measure of general reasoning. First, strong
performance can result from increased compute,
either through larger training budgets or extensive
test-time training or searching (Mitchell, 2024).
Therefore, gains in accuracy may reflect better fit-
ting to the ARC task distribution rather than im-
proved reasoning. Second, the small hidden evalu-
ation set increases the risk of implicit overfitting to
benchmark-specific patterns (Chollet et al., 2024).
Third, ARC tasks are inherently visual, yet many re-
cent solutions are language-centric (Li et al., 2024;
Akyiirek et al., 2025). Relatedly, prior work on
VLM visual reasoning shows that caption-based
vision-text decoupling can improve performance
and reveal bottlenecks in combining perception
with reasoning (Weng et al., 2025). A concurrent
work shows that reframing ARC as an image-to-
image translation problem and applying standard
vision architectures can achieve near-human per-
formance on ARC-1 (Hu et al., 2025). This result
suggests that high ARC scores can be obtained by
improving visual representations, without necessar-
ily requiring more general reasoning mechanisms.
Our work builds on these studies and examines
how perception and reasoning interact when using
VLMs to solving ARC tasks.

3 Verifying the Hypothesis with a
Two-Stage Pipeline

In this section, we formally introduce the design of
a two-stage pipeline to verify the hypothesis that
the performance of existing VLMs is constrained
more by perception than by reasoning.

3.1 Abstract Reasoning Tasks

We start by formalizing the (visual) abstract reason-
ing tasks considered in this study. Let 7 denote a
set of tasks, where each task T' € T consists of a
small number n (typically n < 10) of input-output
pairs (z;,y;) € X x ) serving as demonstration
examples, together with a test example for which
only the input (x,,41) is observed. Formally,

T = {(x17y1)7 veey (xnvyn)a xn—‘,—l} .

Mini-ARC Bongard-LOGO

7
B . L —
Task ¥
Demonstration -- ﬂ \v4 /_‘
Examples . A < .
m-" . o
Negative Positive
samples samples
Test <
Example
(Input) N\

Figure 2: Example tasks of two ARC-style benchmarks,
Mini-ARC (Kim et al., 2022) and Bongard-LOGO (Nie
et al., 2020). The task in Mini-ARC maps image inputs
to image outputs. The task in Bongard-LOGO maps
image inputs to binary outputs (positive or negative). In
both cases, visual objects that are immediately recogniz-
able by humans serve as the critical basis for the latent
mapping rules.

The goal of the task is to predict the corresponding
output y,,+1 by inductively inferring the underlying
relationship between inputs and outputs from the
demonstration examples. Figure 2 illustrates exam-
ple tasks from two ARC-style benchmarks, where
each task involves images as inputs and, in some
cases, as both inputs and outputs. A shared char-
acteristic of these benchmarks is that the images
contain objects that are are immediately and unam-
biguously recognizable to humans, which serve as
the critical basis for the latent mapping rules.
When evaluated on these benchmarks, a fron-
tier VLM model is typically used as a mapping
f T — Y that directly predicts y,,+1 with f(T),
given the task 7" with raw image inputs. However,
the model can significantly underperform humans
in recognizing the objects visually salient to hu-
mans. In this end-to-end evaluation paradigm, it is
difficult to quantify the extent to which the model
performance is limited by the model’s perception
capabilities compared to its reasoning capabilities.

3.2 Quantifying the Perception Bottleneck
with a Two-Stage Pipeline

To verify our hypothesis and quantify the percep-
tion bottleneck of VLMs, we evaluate the models
with a two-stage pipeline that explicitly separates
perception and reasoning. In the first stage (the
perception stage), images are transformed into nat-
ural language descriptions. In the second stage (the
reasoning stage), the model takes these descriptions
to enrich the task representation 7', and predicts the
output y,+1 on the test example.

Design Principles of the Perception Stage. The
perception stage is designed according to two key
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principles:

1. No cross-image inductive signal leakage.

The transformation is applied independently
to each image in isolation, ensuring that it
reduces perceptual difficulty without introduc-
ing inductive cues that could alter the intrinsic
reasoning difficulty of the task.

2. Generic human perceptual priors. The
transformation incorporates generic human
perceptual priors, such as the identification
of objects and recognition of their colors or
shapes. This choice directly reflects our hy-
pothesis that the human—AlI performance gap
is largely driven by the fact that these bench-
marks favor human’s innate visual perception.

Formal Description of the Two-Stage Pipeline.
Formally, for each benchmark, we construct two
uniform transformations, gy X — X and
gy 1Y — Y, which are respectively applied to
the input and output spaces, consistently across
all tasks within the benchmark. In practice,
these transformations are implemented by prompt-
ing a VLM model to convert each image into a
corresponding natural language description, with
prompts that explicitly instruct the model to at-
tend to features aligned with generic human vi-
sual priors. When the output is not an image, the
transformation gy is defined as the identity map-
ping. With these transformations, a task 7' =
{(:L‘l, Y1)y oy (TnyYn)s an} will be enriched
as

T= {(961792((901)73/17937(3/1))7 e
(Zn, 92 (Tn)s Yns 9 (Yn)),
(mn+1ag/\’($n+1))} € :7:,

which will be further fed into a VLM, h : T = v,
during the reasoning stage to complete the predic-
tion A (7).

3.3 Two Evaluation Settings

We consider two evaluation settings that differ in
how VLMs are instantiated within the two-stage
pipeline.

Setting 1: Same-Model Perception. In the first
setting, we use the same VLM for the transfor-
mations g,, the reasoning stage h, as well as the
baseline end-to-end one-stage predictor f. In this

case, we expect the two-stage prediction i (7)) to
outperform the one-stage prediction f(7'), as the
perception stage explicitly incorporates additional
human perceptual priors. Importantly, any per-
formance improvement in this comparison can be
attributed solely to the mitigation of the perception
bottleneck, since the two-stage pipeline does not re-
duce the inductive reasoning difficulty by design.

Setting 2: Stronger-Model Perception. In the
second setting, we use a stronger VLM for the trans-
formations g, and a weaker VLM for the reasoning
stage h. In this case, we compare this hybrid two-
stage pipeline against end-to-end one-stage predic-
tions using the strong and weak models, denoted by
fs(T') and fy (T), respectively. First, we expect
h(T) to substantially outperform fy (T'), since the
perception stage is further enhanced. Second, if
the performance of h(T") approaches that of fg(7T'),
this suggests that the performance gap between
the weak and strong models is driven primarily
by differences in perception capability rather than
reasoning capability.

3.4 Fine-Grained Error Attribution with Four
Categories

Conceptual Decomposition of the Task-Solving
Process. Given the similar task structure of the
abstract reasoning benchmarks, we conceptually
decompose the task-solving process into four steps:

1. Perception (Demonstration). The sys-
tem must correctly perceive each input pair

(24, Yi)-

2. Reasoning (Inductive). From the correctly
perceived demonstrations, the system must
infer the underlying latent mapping rule that
governs the task.

3. Perception (Testing). The system must also
accurately perceive the test input.

4. Reasoning (Deductive). Given the inferred
rule, the system applies it to the test input to
make the correct prediction.

This decomposition distinguishes steps (1) and (3),
which primarily depend on perception capabilities,
from steps (2) and (4), which primarily depend
on reasoning capabilities. It is worth noting that

%In fact, the two-stage pipeline may slightly increase the

inductive reasoning difficulty since the model must perform
induction with more information.
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the four steps are not independent. For example,
an error in the step 1 will propagate to and cause
failures in steps (2) and (4). An illustration of the
dependency of these steps is shown in 3.

- e

Perception
(Demonstration)
Reasoning (Inductive)
Reasoning (Deductive)

Figure 3: Dependency graph illustrating the four-step
task-solving process. Errors in earlier stages propagate
to subsequent stages, affecting final predictions.

Error Attribution with Four Categories. We
observe that the failure cases in our experiments
can almost always be attributed to one of four error
categories corresponding to the four steps above. In
practice, this error attribution can be done by manu-
ally inspecting the reasoning traces in the VLM out-
puts. This procedure is applicable to both one-stage
and two-stage predictions. To enable a fair compar-
ison between one-stage and two-stage predictions
on the same benchmark, we assign the prediction
on each task to one of five categories: the four error
categories and a Correct category, ensuring that to-
tal counts match across the two prediction settings.
Given the largely sequential dependency among
the four steps, errors are attributed to the earliest
step at which a failure occurs. In Section 4.4, we
conduct large-scale error attribution across multi-
ple benchmarks for both one-stage and two-stage
predictions, and demonstrate that the performance
gains of the two-stage pipeline over the one-stage
baseline arise almost exclusively from a reduction
in perception errors, i.e., errors in steps (1) and (3).

4 Experiments

4.1 Datasets

We conduct experiments on three ARC-style visual
abstract reasoning benchmarks. These datasets are
designed to assess compositional and inductive rea-
soning from visual inputs, making them well suited
for studying the interplay between perception and
reasoning in VLMs.

Mini-ARC. Mini-ARC (Kim et al., 2022) is a
reduced-scale variant of ARC with fewer colors,
smaller grids, and simplified transformations. It
maintains the same format as ARC but with lower
perceptual complexity, making it useful for isolat-
ing reasoning performance under easier perception.

ACRE (Abstract Causal REasoning Beyond Co-
variation). ACRE (Zhang et al., 2021) is a sym-
bolic visual reasoning benchmark designed for
causal induction. Each task is formulated as a clas-
sification problem conditioned on demonstrations.
Specifically, a task consists of six demonstrations
followed by four prediction queries. The demon-
strations illustrate the presence or absence of cer-
tain objects and the corresponding state of a pink
board, which may blink (activated), remains unlit
(deactivated), or be underdetermined. Each query
presents a new configuration of objects, and the
objective is to predict the status of the pink board.

Bongard-LOGO. Bongard-LOGO (Nie et al.,
2020) is a visual reasoning benchmark inspired
by the classic Bongard problems, adapted to the do-
main of programmatic graphics. Each task presents
two sets of images: positive examples and neg-
ative examples. The images are generated from
programs in the LOGO language, with the positive
set sharing an underlying semantic concept that is
absent from the negative set. Given these examples,
the model must infer the underlying concept and
correctly classify novel test instances as belonging
to the positive or negative set.

4.2 Setting 1: Same-Model Perception

We first report the experiments corresponding to the
first evaluation setting (Same-Model Perception)
described in Section 3.3, where we compare the
two-stage pipeline and the one-stage baseline us-
ing the same VLM. We use GPT-40 for Mini-ARC
and Bongard-LOGO, while using LLaVA-1.5 (Liu
et al., 2024a) for ACRE. Table 1 summarizes con-
crete settings for each dataset.

Results. We report the experiment results in Ta-
ble 2. Across three datasets, enhancing perception
through natural language descriptions consistently
improves success rates by 11-13 percentage points.
Notably, on Mini-ARC this corresponds to a 2.5 %
relative improvement, increasing performance from
8.05% to 20.13%. These results are consistent
with our expectation for Setting 1 described in Sec-
tion 3.3, which supports our hypothesis that per-
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Table 1: Experimental setups for each dataset in Setting
1 (Same-Model Perception). We have two configura-
tions (a) and (b) for each dataset. Stage: “S” refers to
standard one-stage pipeline; “P+R” refers to two-stage
pipeline with separate perception (“P”’) and reasoning
(“R™).

ID Dataset Config Stage Model
I MinicaARc @ S GPT-o
(b) P+R GPT-4o (P) + GPT-40 (R)
2 Bongard-LOGO (@) S GPT-4o
_________ PR GPT-4o(P)+GPT-40 (R)
(a) S LLaVA-1.5

P+R LLaVA-1.5 (P) +
LLaVA-1.5 (R)

ception plays a more important role for the success
in these tasks.

Table 2: Success rates (%) in Setting 1 (Same-Model
Perception). The columns (a) and (b) correspond to
the configurations defined in Table 1. A refers to the
absolute improvement from (a) to (b) in percentage
points.

ID

Dataset (a) A

1 Mini-ARC 8.05 20.13 +12.08
2 Bongard-LOGO 62.00 73.00 +11.00
3 ACRE 22.00 34.50 +12.50

(b)

One potential concern is that the reasoning stage
in the two-stage pipeline receives both the raw im-
ages and the generated textual descriptions, so im-
provements over the one-stage baseline might arise
from multimodal fusion or increased input con-
text rather than from the language representation
itself. To test this, we compare three variants for
the reasoning stage on Bongard-LOGO and ACRE:
image-only, text-only, and image+text. As shown
in Table 3, text-only already recovers most of the
gain over image-only, while adding the raw im-
age on top of the text provides only marginal addi-
tional improvement. If the gains were mainly due
to increased context length or multimodal fusion,
image+text would be expected to substantially out-
perform text-only. Instead, the results suggest that
the dominant benefit comes from the structured lan-
guage representation, which mitigates perceptual
difficulty and supports our claim that perception,
rather than reasoning, is the main bottleneck.

4.3 Setting 2: Stronger-Model Perception

We further conduct experiments corresponding to
the second evaluation setting (Stronger-Model Per-
ception) described in Section 3.3, where we use a
stronger VLM for the perception stage in the two-

Data Model Img. Text Img.+Text
Bongard-LOGO GPT-40 62.0 70.0 73.0
ACRE LLaVA-1.5 22.0 32.0 34.5

Table 3: Ablation on the reasoning-stage input format.
Text-only recovers most of the gain over image-only,
while adding raw images yields only marginal further
improvement.

stage pipeline. We conduct these experiments on
the three datasets mentioned above, where we re-
place the weaker model used in the perception stage
with a stronger model. We also compare against
standard one-stage pipelines that use a weak model
or a strong model. For Mini-ARC, we consider two
different strong models: ol and Claude-Sonnet-
4.5. The concrete configurations are summarized
in Table 4.

Table 4: Experimental setups in Setting 2 (Stronger-
Model Perception). Configurations (a) and (b) are iden-
tical to those in Table 1. Configurations (c) and (d)
introduce stronger models either in the perception stage
or in a unified one-stage pipeline.

ID Dataset Config Model(s)
(a) GPT-4o (S)
(b) GPT-40 (P) + GPT-40 (R)
- (c1) ol (P)+ GPT-40 (R)
I Mini-ARC () Claude-Sonnet-4.5 (P) +
GPT-40 (R)
d1) ol (S)
(d2) Claude-Sonnet-4.5 (S)
T T T T T T T @ GPTH4o(SH
(b) GPT-40 (P) + GPT-40 (R)
2 Bongard-LOGO © ol (P)+GPT-4o (R)
(d ol (S)
T 7 7 7 7 7 7T (@ LLaVA-15(S)
3 ACRE (b) %}%)aVA-l.S (P) + LLaVA-1.5
(¢) GPT-4o (P) + LLaVA-1.5 (R)
(d GPT-4o(S)

Table 5: Success rates (%) under Setting 2 (Stronger-
Model Perception). Configurations (a)—(d) correspond
to those defined in Table 4.

Dataset (a) (b) (c*) d*)

.. (cl)31.54 (d1) 52.03
Mini-ARC 8.05 20.13 (c2)32.89 (d2)34.22
Bongard-LOGO 62.00 73.00 80.00 78.00
ACRE 22.00 34.50 82.50 93.00

Results. As can be seen in Table 5, strengthening

the perception module ((b) — (c*)?) yields consis-
tent and substantial improvement, indicating that

3We use (c*) as a general reference to (c), (c1), and (c2).
Same for (d*) below.
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Table 6: Error attribution across datasets and experiment configurations. Regarding the settings, for example, “1(a)”
refers to the configuration (a) on Mini-ARC, while “3(c)” refers to the configuration (c) on ACRE.

(a) Mini-ARC

(b) Bongard-LOGO

Setting 1(a) 1(b) Setting 2(a) a(b)
Total Errors 44 37 Total Errors 38 27
Perception (Demo) 38 (86.4%) 22 (59.5%) Perception (Demo) 25 (65.8%) 10 (37.0%)
Reasoning (Inductive) 409.1%) 9 (24.3%) Reasoning (Inductive) 5(13.2%) 12 (44.4%)
Perception (Test) 1(2.3%) 2 (5.4%) Perception (Test) 7(184%) 3 (11.1%)
Reasoning (Deductive) 1(23%) 4 (10.8%) Reasoning (Deductive) 1(2.6%) 2 (7.4%)
(c) ACRE (d) ACRE (varying P)
Setting 3(a) 3(b) Setting 3(b) 3(¢c)
Total Errors 38 32 Total Errors 32 9
Perception (Demo) 29 (76.3%) 22 (68.8%) Perception (Demo) 22 (68.8%) 0 (0%)
Reasoning (Inductive) 6(15.8%) 7(21.9%) Reasoning (Inductive) 7(21.9%) 9 (100%)
Perception (Test) 3(7.9%) 3(9.4%) Perception (Test) 3(9.4%) 0 (0%)
Reasoning (Deductive) 0 (0%) 0 (0%) Reasoning (Deductive) 0 (0%) 0 (0%)

S:Correct I
6

P+R:Correct
13

S:Correct
62

P+R:Correct
73
) ) P+R:Perception
S:Perception (Demonstration)
(Demonstration) 2
38 \
S:Perception e
(Demonstration) N P+R:Perception
25 [\ I (emonstration)
P+R:Reasoning 10
(Inductive) . )
S 5 S:Reasoning P+R:Reasoning
SiReasoning (Inductive (Inductive)
(Inductive) 5 12

4 P+R:Perception > 2

StPerception (Testing) P+R:Perception
(Testing) < (Testing)

0 P+R:Reasoning 3 .
S:Reasoning B (Deductive) P+R:Reasoning
(Deductive) = 4 = (Deductive)

1 1 >
(a) 1(a) = 1(b) (b) 2(a) — 2(b)
S:Correct
12 P+R:Correct P1+R:Correct
18 18
P2+R:Correct
41

D

S:Perception .
(Demonstration) P+R:Perception P1+R:Perception
29 (D i ( ion)
2

P2+R:Reasoning

S:Reasoning P+R:Reasoning P1+R:Reasoning ea
(Inductive) (Inductive) (Inductive) },"‘d“““‘“
6 7
S:Perception P#R:Perception P1+R:Perception
(Testing) (Testing) (Testing)
3 3oe 3
(©) 3(a) = 3(b) (d) 3(b) — 3(c)

Figure 4: Visualization of how errors evolve from one
configuration to another.

perception is indeed the dominant bottleneck in
this setting. Furthermore, the performance in (c*)
and that in (d*), the standard one-stage pipeline
with the strong model, are mostly close*, suggest-

*One exception is Mini-ARC with o1, where the gap be-
tween (c1) and (d1) remains large. A plausible explanation is
that Mini-ARC may have been included in o1’s training data.
This possibility is supported by the observation that o1’s per-
formance on Mini-ARC (d1) is markedly higher than that of
Claude-Sonnet-4.5 (d2), while its performance on ARC-AGI

ing that perception constitutes the main bottleneck
explaining the performance difference between the
strong model (d*) and the weak model (a).

4.4 Error Attribution

In order to further validate the hypothesis and gain
insights into the causes of errors, we conduct error
attribution on the failure cases for different config-
urations® across datasets, following the protocol
introduced in Section 3.4. Specifically, for config-
urations on Mini-ARC and ACRE, we randomly
select 50 tasks, and for those on Bongard-LOGO,
we randomly select 100 tasks. Among these, some
tasks may have been correctly solved by the model,
while for the remaining ones we perform detailed
error attribution.

Results. As shown in Table 6, perception errors
consistently dominate across all setups, indicating
that the visual understanding stage is the primary
bottleneck. On Mini-ARC, perception errors ac-
count for 86.4% of all errors in setting 1(a) (stan-
dard one-stage) and 59.5% in setting 1(b) (two-
stage). A similar trend is observed on Bongard-
LOGO, where perception errors represent 65.8%
(2(a)) and 37.0% (2(b)) of total errors, and on
ACRE, where perception errors reach 76.3% (3(a))
and 68.8% (3(b)). On ACRE with varying P, where
different perception modules are compared, the
model with LLaVA1.5 still shows 68.8% percep-
tion errors, while GPT-40 eliminates perception er-
rors, with all remaining errors in reasoning stages.

is inferior to Claude-Sonnet-4.5.
SWe omitted configurations with ol or Claude-Sonnet-4.5
as we did not have full reasoning traces in our results.
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These results clearly demonstrate that the percep-
tion stage remains the dominant source of model
failure, overshadowing reasoning-related errors
(both inductive and deductive). Moreover, this fine-
grained error attribution provides more direct evi-
dence that the performance improvement in both
Setting 1 and Setting 2 are achieved through the
mitigation of perception errors. This result high-
lights the importance of perception in tasks that are
often regarded as reasoning tasks.

To gain deeper insight into this attribution, we
further analyze how error types evolve across
experimental configurations, specifically, how
perception-related errors transition into reasoning
errors (and vice versa) under different configura-
tions, shown in Figure 4. From the analysis, we
observe that a substantial portion of perception er-
rors are either eliminated or transformed into down-
stream reasoning errors, and that the majority of
performance gains arise from resolving perception-
related errors rather than improving reasoning.

5 Conclusion

In this work, we critically re-examine the inter-
pretation of ARC-style benchmarks as direct mea-
sures of machine reasoning ability and show that
a substantial portion of the observed human—Al
performance gap is driven instead by limitations
in visual perception. By introducing a carefully
controlled two-stage pipeline that explicitly sepa-
rates perception from reasoning, and by conducting
fine-grained error attribution across multiple bench-
marks, we demonstrate that mitigating perceptual
bottlenecks alone leads to large performance gains,
while improvements in reasoning play a secondary
role. These findings suggest that ARC-style bench-
marks conflate perceptual and inductive challenges,
potentially overstating deficiencies in model rea-
soning. More broadly, our results underscore the
importance of evaluation protocols that disentangle
perception from reasoning when assessing progress
toward general intelligence, and point to the need
for future benchmarks that more cleanly isolate the
cognitive capabilities they aim to measure.

Limitations

Our study has several limitations. First, the natural-
language descriptions used in the perception stage
should not be interpreted as an optimal or canoni-
cal intermediate representation for abstract reason-
ing. We adopt language as a convenient and inter-

pretable way to inject generic human perceptual pri-
ors and to demonstrate the existence and impact of
perceptual bottlenecks in ARC-style benchmarks.
We do not claim that natural language is the best
representation for isolating reasoning, nor that it
preserves all aspects of the original task structure
without distortion.

Second, our fine-grained error attribution relies
on manual inspection of model outputs and reason-
ing traces. While this attribution follows a clearly
defined, stage-wise protocol and yields consistent
patterns across datasets and experimental settings,
it involves some subjectivity. We leave the devel-
opment of scalable and fully automated attribution
methods to future work.

Finally, our conclusions are limited to ARC-
style, knowledge-light visual abstraction bench-
marks and to the vision-language models evaluated
in this study. We do not claim that perception is the
dominant bottleneck for all multimodal or textual
reasoning tasks. Nevertheless, we hope that the di-
agnostic perspective and methodology introduced
in this work can inspire future research on disentan-
gling perception and reasoning in a broader range
of reasoning benchmarks and evaluation settings.
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Appendix

5.1 Examples
5.1.1 Example of Prompt

In this section, we provide an example prompt for
the perception stage of the Mini-ARC problem.

You are a precise visual perception system
for ARC puzzles. Your task is to
provide objective, structured
observations of a single grid to help
downstream reasoning models discover
transformation rules.

Note that @ corresponds to the background
color (and does not lead to objects),
and different values represent
different colors. Write the following
in natural language:

- Write about the shape and location of the
objects in the grid in natural
language. Some objects can be large
or/and overlapping with each other.

- Write about any additional patterns in
the grid in natural language.

- Write about the dominant colors in the
grid in natural language

5.1.2 Example of Generated Natural
Language Description

Below we show an example output of the percep-
tion stage for the first input in 1a.

1’11 analyze this grid
systematically.\n\n**Shape and Location
of Objects:x*\n\nThe grid contains
several small objects:\n- In the
top-left corner (row @, columns 0-1),
there are two cells with value 3
forming a horizontal pair\n- A single
isolated cell with value 3 appears at
row 2, column 2, positioned roughly in
the center of the grid\n- In the
bottom-right area, there’s an L-shaped
or angular object formed by values 1
and 4: value 1 appears at positions
(3,3) and forms a small vertical line
with another 1 at (4,3) and (4,4),
while value 4 appears once at position
(3,4)\n- The objects are distributed
across different regions of the grid
rather than clustered
together\n\n*xAdditional
Patterns:**\n\nThe grid shows a
diagonal-like distribution of non-zero
values from top-left to bottom-right.
The value 3 appears in two separate
locations (top-left and center),
suggesting possible grouping or
repetition. The bottom-right cluster
combines two different non-zero values
(1 and 4) that are adjacent to each
other, forming a connected
component.\n\nx*Dominant
Colors:**\n\nThe dominant non-zero
values in the grid are:\n- Value 3,

which appears in multiple locations\n-
Value 1, which appears multiple times
in the bottom-right\n- Value 4, which
appears once\n\nValue 3 and value 1 are
the most prevalent non-zero colors,
with value 4 being the least

common. \n\nx*Number of Cells for Each
Color:*x\n\n- Value 3: 3 cells total\n-
Value 1: 3 cells total\n- Value 4: 1
cell total\n- Value @ (background): 18
cells total

5.1.3 Example of perception and reasoning
error

In this section we provide a sample perception and
a sample reasoning error when models are trying
to solve problem described in la. A sample per-
ception error:

Training Example 1:

Input:

Output: All numbers except the ones with
value 3 are turned to 0. In this
specific case, only the original
positions of 3 remained; all else
became 0.

Training Example 2:

Input:

Output: Only the positions originally
containing 3 have retained their value,
but others, including numbers 1 and 4,
turned to Q.

Here, the model incorrectly describes the output
of training example 2 since it wrongly perceives
that all 3s remain in the original position.

A sample reasoning error:

Test: Since the yellow square is located in
line 4, the input 3s should remain as
in Ex1

In this example, the model correctly perceives
the training demonstrations and the test input. How-
ever, when inferring the rule, instead of linking the
position of the yellow square relative to the blue
squares to the rotation rule, it simply asserts that
because the yellow square is on line 4 the 3s should
remain as in Training Example 1. This indicates
a reasoning error (incorrect rule induction) rather
than a perception error.
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