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Abstract

Headlines now report that frontier AI models have “genius-level” IQ. We test how far that claim
holds when intelligence is treated as a profile rather than a single number, and when rate of
improvement is considered alongside level. We compile a September 2026 snapshot of public
leaderboards for the ten leading model families (TrackingAI IQ tests, ARC-AGI-1/2/3, METR
task-completion time horizons, Humanity’s Last Exam and the Artificial Analysis Intelligence
Index) and place them on human psychometric scales grounded in Cattell–Horn–Carroll theory.
We introduce four simple instruments: a contamination-aware static z-score, an adaptive z-
score derived from the interactive ARC-AGI-3 benchmark, a logistic success model over task
novelty and task length, and arithmetic versus bottleneck (geometric) composite indices under
alternative weightings. Four findings emerge. (1) On static tests, models exceed nearly all
humans: 151 on the public Mensa Norway test (about 1 in 3,000) and 135 on a leak-resistant
offline test (top 1%), with a 15–21 point public-to-offline gap indicating contamination. (2) On
interactive learning of unfamiliar tasks, the best model reaches 62.7% of human efficiency and
the median frontier model 2–30%, placing models in a region of ability space that almost no
human occupies: high static reasoning, below-median adaptation. (3) The ranking between AI,
an average adult and a domain expert reverses depending on the weighting; under a bottleneck
index frontier AI loses about 11 points, the same penalty as a top expert, driven by near-zero
continual learning. (4) Growth rates differ by orders of magnitude: the top AI IQ score rose
about 50 points in 30 months against roughly 3 points per decade for the human Flynn effect,
and the 50% time horizon doubles about every 131 days. We conclude that “smarter than
humans” is ill-posed; the defensible statement is that current models are superhuman on well-
specified, knowledge-heavy problems and remain below a human master on novel, long-horizon
work, a gap that is closing on a timescale of months.

Keywords: artificial intelligence; psychometrics; Cattell–Horn–Carroll; fluid intelligence; ARC-
AGI; time horizon; benchmark contamination; AGI measurement

1 Introduction

Every few months a new model is reported to have a higher IQ than the last. In September 2026
two systems share a score of 151 on the public Mensa Norway matrix test, a level reached by roughly
one person in three thousand. Taken at face value, that number implies that frontier models are
more intelligent than almost everyone. Yet the same models fail at things most people find easy:
learning the rules of an unfamiliar game in a few minutes, remembering what happened last week,
or carrying a project reliably over weeks.

The tension is not new. Psychometrics has long distinguished general ability from its compo-
nents [1–3], and machine-intelligence researchers have argued that skill on a known task is a poor
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proxy for the ability to acquire new skills [7, 8, 11]. What has changed is the size of the discrep-
ancy. On static benchmarks models are near saturation; on the newest interactive benchmark they
started 2026 below 1% [26]. A single scalar cannot represent both facts.

This paper makes three contributions. First, it assembles a dated, sourced snapshot of how
the top frontier models score on IQ-style and adaptability benchmarks, with explicit human refer-
ence points. Second, it proposes a small set of transparent instruments for placing AI systems on
human scales (contamination-aware and adaptive z-scores, a success landscape, and weighted com-
posites) and shows how conclusions depend on the weighting. Third, it quantifies growth velocity,
contrasting the months-scale doubling of AI capability with the decades-scale drift of human test
performance. An interactive companion reproduces every figure (Data availability).

2 Background

2.1 Human intelligence as a structured profile

Spearman observed that performance on diverse mental tests is positively correlated and proposed
a general factor, g [1]. Cattell separated fluid intelligence, the capacity to solve novel problems,
from crystallized intelligence, accumulated knowledge [2]. Carroll’s reanalysis of more than 460
datasets produced the three-stratum model that, merged with Cattell–Horn theory, became the
Cattell–Horn–Carroll (CHC) framework, the most widely used structural model of human abilities
[3]. Two further results matter here. Population IQ rose by roughly three points per decade during
the twentieth century [4], the fastest documented change in human scores. Expert performance,
by contrast, comes largely from about a decade of deliberate practice within a domain [5], which
is why we distinguish an average adult from a domain master. General mental ability is the single
strongest predictor of job performance, but it explains only part of the variance [6].

2.2 Defining and measuring machine intelligence

Legg and Hutter define universal intelligence as expected performance weighted across all com-
putable environments [7], a formal ancestor of the weighted composites used below. Chollet rede-
fines intelligence as skill-acquisition efficiency relative to priors and experience, and introduced the
Abstraction and Reasoning Corpus (ARC) to measure it [11]. Hernández-Orallo shows why tests
calibrated on humans can mislead when applied to machines [8]. Lake et al. argue that human
learning is sample-efficient because it builds compositional, causal models [9], and catastrophic
forgetting remains the central obstacle to continual learning in neural networks [10]. Recent frame-
works rate systems on performance and generality [12] or score them on the ten CHC domains at
equal weight; the latter reports GPT-4 at 27% and GPT-5 at 57% of a well-educated adult, with
long-term memory storage as the largest deficit [13].

2.3 Capability growth and emergent behaviour

Language-model loss falls as a power law in parameters, data and compute [14, 16]; scale also
brought in-context few-shot learning [15]. Some capabilities appear to emerge abruptly with scale
[17], although part of that appearance is an artefact of discontinuous metrics [18], a caution that
applies equally to the composite indices here. METR operationalises progress as the length of
expert task an agent completes with a given reliability, finding exponential growth in this time
horizon [19].
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2.4 Human–AI comparisons

GPT-3 matched or exceeded people on Raven-style analogy problems without training on them
[21], and early GPT-4 experiments were read by some as sparks of general intelligence [22]. A
field experiment with 758 consultants found that AI assistance raised quality on tasks inside the
model’s capability frontier and lowered it outside, a “jagged frontier” [23]. Our results quantify
that jaggedness across psychometric dimensions.

3 Data and methods

3.1 Data

All figures are a snapshot taken on 27 September 2026 from public sources (Table 1). IQ scores
come from TrackingAI, which administers the public Mensa Norway test and an offline test written
by a Mensa member and never published online [27, 28]. ARC-AGI-2 and ARC-AGI-3 scores come
from the ARC Prize leaderboard and aggregators that republish it [25, 26, 29, 30]; for ARC-AGI-3
we use only standard-harness results. Humanity’s Last Exam (HLE) [24] and Intelligence Index
scores come from Artificial Analysis [31]. Time horizons come from METR [19, 20].

Human reference values are: IQ mean 100 and standard deviation 15; average individual accu-
racy of 64% on ARC-AGI-1 and 66% on ARC-AGI-2 against a human panel near 100% [25]; and a
human baseline of 100% on ARC-AGI-3, which is defined relative to human action efficiency [26].

Table 1: Frontier model scores, 27 September 2026. Dashes mark no published result under that protocol.
HLE = Humanity’s Last Exam; AA = Artificial Analysis Intelligence Index v4.3.

Model Mensa Norway Offline IQ ARC-AGI-2 ARC-AGI-3 HLE AA
Claude Opus 5.5 – – 91.7% – 61.4% 58
Claude Fable 5.1 151 130 – – 59.1% 53
GPT-6 Astra 151v – 95.0% 62.7% – 52.7
GPT-5.6 Sol 145 130 92.5% 7.8% – –
Claude Opus 5 144 129 – 30.2% 54.9% –
Claude Fable 5 – – – – 55.5% –
GPT-5.6 Terra – 135v – – – –
Gemini 3.8 Flash – – – 10.4% – –
Gemini 3.1 Pro 145 – 77.1%a 0.37%b – –
Grok 4.6 / 4.20 145c – – 2.1% – –
Average adult 100 100 66% – – –
Human panel / baseline – – 100% 100% – –

vVision variant. aFebruary 2026. bMarch 2026. cGrok-4.20, April 2026.

3.2 Placing models on human scales

A static z-score uses offline IQ where available, because public test items are likely present in
training data:

zs =
IQoff − 100

15
. (1)

Where only a public score exists we estimate IQoff ≈ IQMensa − 18, the mean public-to-offline gap
among models with both scores; such points are flagged as estimates. An adaptive z-score maps an
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ARC-AGI-3 score S ∈ [0, 100] onto the human distribution under the assumption that the 100%
baseline corresponds to the human median:

za = Φ−1
(
1
2 S/100

)
, (2)

where Φ−1 is the standard normal quantile. A simulated human population of 20,000 draws (zs, za)
from a bivariate normal with correlation 0.6, reflecting the positive manifold [1]; a human master
is placed at z = 3 on both axes (about the top 0.1%). Combining the two gives an adaptability-
adjusted IQ,

IQ∗(λ) = 100 + 15
[
(1− λ) zs + λ za

]
, (3)

where λ ∈ [0, 1] is the weight placed on learning new tasks.

3.3 Success landscape

Following METR’s logistic fit in log task length [19], we model the probability of completing a task
of expert duration h and novelty n ∈ [0, 1] as

P (n, h) = σ

(
k log2

H50

h
− β (n− n0)

)
, n0 = 0.2. (4)

For frontier AI, k = 0.574 reproduces METR’s reported 50% horizon of about 16 h and 80% horizon
of about 3 h (k = ln 4/ log2(16/3)), and β = 6.0 reproduces roughly 30% success on eight-minute
fully novel tasks, the median of ARC-AGI-3 leaders. For a human master we assume H50 = 2,000 h
(about one working year), k = 0.5 and β = 1.5. These human parameters are assumptions, not
measurements.

3.4 Growth model

The AI horizon grows as
H50(t) = H0 · 2(t−t0)/Td , (5)

with H0 = 16 h at t0 = 8 May 2026 (Claude Mythos Preview, a lower bound) and Td = 131 days,
METR’s post-2023 doubling time [20]. We report a sensitivity band for Td ∈ [100, 200] days.

3.5 Cognitive profile and weighted composites

We score nine dimensions on 0–100 for three reference profiles: frontier AI (best of the top ten),
an average adult, and a top expert in their own field (Table 2). Dimensions follow CHC broad
abilities where possible and add dimensions that matter for deployed agents. Scores are anchored
to a benchmark where one exists; for continual learning and embodied or social judgment they are
informed judgments. For weights wi and scores si we compute an arithmetic index and a geometric
(bottleneck) index:

IA =

∑
iwisi∑
iwi

, IG =
∏
i

s
wi/

∑
j wj

i . (6)

IA lets a strength offset a weakness; IG penalises the weakest dimension, closer to how a missing
ability limits real work. Four weightings are compared: IQ-test (knowledge and static reasoning),
Adaptability (after Chollet [11]), Economic work (autonomy, reliability, speed, judgment, after
Schmidt and Hunter and Dell’Acqua et al. [6, 23]) and Balanced (equal weights, as in Hendrycks
et al. [13]).
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Table 2: Nine-dimension cognitive profile (0–100) and anchoring evidence.

Dimension AI Avg. Expert Anchor
Knowledge breadth 97 45 70 HLE 61% across 100+ fields
Static abstract reasoning 92 50 95 ARC-AGI-2 95% vs 66%; offline IQ 135
Expert problem solving 88 20 95 Competition maths, PhD-level science

Q&A
Novel interactive learning 60 85 100 ARC-AGI-3 best 62.7% of human effi-

ciency
Long-horizon autonomy 45 65 95 METR: 16 h at 50%, 3 h at 80%
Sample efficiency 30 75 90 Few-shot concept learning [9]
Continual learning & memory 15 80 90 No weight updates in deployment [10,

13]; judgment
Speed & scale 99 5 10 Throughput, parallel copies
Embodied & social judgment 20 85 90 Judgment; little benchmark coverage

4 Results

4.1 IQ-style tests

On the public Mensa Norway test the highest scores are 151 (Claude Fable 5.1 and GPT-6 Astra,
vision), followed by a cluster at 142–145 (Figure 2). Fifteen models score 140 or higher. Under
a normal distribution, 151 corresponds to about 1 in 2,970 people and 145 to 1 in 741 (Figure 1).
Offline scores are lower: the best is 135 (GPT-5.6 Terra, vision), about 1 in 100. For models tested
both ways the gap ranges from 2 points (GPT-5.6 Sol Ultra, vision) to 21 points (Claude Fable
5.1). The top public score rose from about 101 in March 2024 to 151 in September 2026.
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Figure 1: Human IQ distribution with the top AI scores on the public (151) and offline (135) tests.

4.2 Static versus interactive reasoning

Within one puzzle family the picture reverses as the task shifts from recognising a pattern to
learning an environment (Figure 3). The best model scores 98.5% on ARC-AGI-1 and 95.0% on
ARC-AGI-2, well above the 64–66% of an average individual. On ARC-AGI-3 every frontier model
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Figure 2: Public and offline IQ for the top ten model variants. The public-to-offline gap indicates how
much of the public score reflects memorised items.

scored below 1% at launch in March 2026; by September the leader reached 62.7% and the second
30.2%, still below the human baseline. Mapped to human scales (Figure 4), measured models sit at
zs ≈ 2 but za between −1.0 and −1.8: a “test-taker corner” (zs ≥ 1.8, za ≤ −1) that one simulated
person in 20,000 occupies.

4.3 Profile and weighting sensitivity

The profile is sharply jagged (Figure 5). Frontier AI leads on knowledge breadth, speed and static
reasoning, while scoring lowest of the three profiles on novel learning, sample efficiency, continual
learning and embodied judgment. Table 3 and Figure 6 show that the ranking depends on the
weighting. Under IQ-test weights AI scores 90.1 against 83.9 for an expert and 39.6 for an average
adult. Under adaptability weights AI falls to 44.6, below the average adult (72.8). Under a
bottleneck index with balanced weights AI loses 10.9 points and the expert 11.1, so the geometric
penalty does not single out AI; it shifts where each profile’s weakness lies.

Table 3: Composite scores by weighting. IA arithmetic, IG bottleneck (geometric).

Frontier AI Average adult Top expert
Weighting IA IG IA IG IA IG

IQ-test 90.1 89.6 39.6 33.2 83.9 76.0
Adaptability (Chollet) 44.6 37.4 72.8 69.9 93.8 93.7
Economic work 60.9 50.2 53.9 39.9 78.5 65.0
Balanced (CHC-style) 60.7 49.8 56.7 44.1 81.7 70.6

The adaptability-adjusted IQ makes the same point on a familiar scale (Table 4, Figure 7). At
λ = 0 the measured models score 129–133; at λ = 0.5 they fall to 102–113; at λ = 1 they score
74–93, below the human mean. A human master stays at 145 for every λ.
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Figure 3: (a) Best AI versus human reference on three generations of ARC. (b) ARC-AGI-3 frontier over
2026 (standard harness).
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Figure 5: Nine-dimension profiles for frontier AI, an average adult and a top expert. Scores are an editorial
index anchored to benchmarks where available (Table 2).

IQ-test Adaptability
(Chollet)

Economic
work

Balanced
(CHC-style)

0

20

40

60

80

100

Co
m

po
sit

e 
sc

or
e 

(0
10

0)

90

45

61 61

40

73

54 57

84

94

79 82

(a) Arithmetic IA

Frontier AI Average adult Top human expert

IQ-test Adaptability
(Chollet)

Economic
work

Balanced
(CHC-style)

90

37

50 50

33

70

40
44

76

94

65
71

(b) Bottleneck (geometric) IG

Figure 6: Composite scores under four weightings, (a) arithmetic and (b) bottleneck.

Gondane (2026) · Superhuman Scores, Sub-Human Adaptation 8



Table 4: Adaptability-adjusted IQ, IQ∗(λ).

Profile zs za λ = 0 0.25 0.5 1

Human master 3.00 3.00 145 145 145 145
GPT-6 Astra (est. zs) 2.20 −0.49 133 123 113 93
Claude Opus 5 1.93 −1.03 129 118 107 85
GPT-5.6 Sol 2.00 −1.76 130 116 102 74
Average adult 0 0 100 100 100 100

0.0 0.2 0.4 0.6 0.8 1.0
Weight on adaptive learning  

70

80

90

100

110

120

130

140

IQ
*

Human master
Average adult
GPT-6 Astra (est.)
Claude Opus 5
GPT-5.6 Sol

Figure 7: IQ∗ as a function of the weight on adaptive learning.

4.4 Success landscape

Figure 8 shows the modelled probability of success across task novelty and length. On short,
familiar tasks AI and a human master both succeed almost always. The master leads by more than
25 percentage points on 64% of the task space in September 2026. Holding novelty handling fixed
and growing only the horizon, that share falls to 45% by September 2027 and 24% by September
2028. The remaining gap sits in the novel, long-duration corner.

4.5 Growth velocity

The METR 50% horizon rose from seconds (GPT-2, 2019) to at least 16 h (May 2026), roughly
one doubling every 131 days since 2023 (Figure 9). Extrapolation gives the dates in Table 5. For
comparison, the Flynn effect corresponds to about 0.3 IQ points per year [4], while the top AI
public IQ score rose by about 20 points per year between 2024 and 2026, and ARC-AGI-3 rose
from 0.37% to 62.7% in six months.

Table 5: Projected dates at which the AI 50% horizon reaches human work durations, if the 2023–26 trend
holds.

Threshold Td = 100 d Td = 131 d Td = 200 d
1 work-week (40 h) Sep 2026 Oct 2026 Jan 2027
1 work-month (167 h) Apr 2027 Jul 2027 Mar 2028
Master’s 1-year project (2,000 h) Apr 2028 Nov 2028 Mar 2030
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5 Discussion

“Smarter than humans” is ill-posed. A model with IQ 151 and an adaptive z-score of −1.8
is not more or less intelligent than a person with IQ 115 and an adaptive z-score of +1; they
have different shapes. Scalar comparisons implicitly choose a weighting, and Table 3 shows that
reasonable weightings reverse the order. Reporting a profile together with the weighting is more
informative than reporting a number.

The gap is in learning, not knowing. The dimensions where AI trails, namely interactive
learning, sample efficiency, continual learning and long-horizon reliability, are the ones that psy-
chometrics labels fluid and that Chollet [11] labels intelligence proper. Knowledge and pattern
completion, where AI leads, are closer to crystallized ability. This matches the CHC-based finding
that long-term memory storage is the largest deficit [13].

Implications for work. In practice the profile suggests a division of labour. AI is already super-
human on well-specified, knowledge-heavy subtasks. A human master remains necessary for setting
goals, handling genuinely new situations, maintaining context across weeks and making judgment
calls, consistent with the jagged-frontier field evidence [23]. The success landscape indicates that
this boundary moves outward each quarter.

Measurement lessons. Three practices would improve comparisons: prefer leak-resistant or
held-out tests to public ones; report the harness and reasoning effort alongside every score, since
agent scaffolds can move ARC-AGI-3 from 62.7% to reported figures above 99%; and report reli-
ability at more than one threshold, because the 80% horizon is about five times shorter than the
50% horizon.

6 Limitations

The profile scores and the human-master parameters are the author’s estimates, anchored to bench-
marks where possible. The ARC-AGI-3 mapping assumes the human baseline equals the human
median. Offline IQ for three models is estimated from public scores. Several leaderboard values are
vendor or aggregator reports rather than independent runs, and evaluation protocols (tools, effort,
vision versus text) differ across rows. METR notes that its task suite is unreliable above about
16 h, so the current horizon is a lower bound and extrapolations are conditional on a trend that
may bend [20]. IQ norms are population-specific, and none of the instruments measures motivation,
values or embodiment directly. Results describe a single snapshot and will date quickly.

7 Conclusion

Frontier AI models in September 2026 are superhuman on static reasoning and knowledge (public
IQ 151, offline 135, ARC-AGI-2 95%) and below a human master on learning unfamiliar tasks
and sustaining long work (ARC-AGI-3 at most 62.7% of human efficiency; 50% horizon of about
16 h against months for an expert). Which is “more intelligent” depends on the weighting, and
under balanced or adaptability-focused weightings a domain expert remains ahead. What does not
depend on weighting is velocity: AI capability improves on a timescale of months, human capability
on a timescale of decades. The most useful framing is therefore not a race but a moving boundary
between tasks best delegated to AI and tasks that still need a human master.
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Disclosure of AI assistance

Data compilation, analysis code, figures and drafting were carried out with the assistance of An-
thropic’s Claude (model identifier claude-opus-5-5). The author directed the study, reviewed the
sources and is responsible for the content. Claude Opus 5.5 and other Anthropic models appear in
the results; all rankings are taken from third-party leaderboards.

Data availability

All inputs are listed in Table 1 with sources below. An interactive companion reproducing every
figure, including rotatable 3D views and adjustable weights, is available at https://claude.ai/
artifact/5ukUJpsoqppaka2aM7BVtD.
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