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SuperARC: a test for artificial
superintelligence based on compressed
modelling, recursive prediction and problem
complexity

Alberto Hernández-Espinosa1,2, Luan Ozelim 1,2, Felipe S. Abrahão1,2,3,4 &
Hector Zenil 1,2,5,6

We introduce an increasing-complexity, open-ended, and human-agnostic
metric to evaluate foundational and frontier AI models in the context of
Artificial General Intelligence (AGI) and Artificial Super Intelligence (ASI)
claims. Unlike other tests that rely on human-centric questions and expected
answers, or on pattern-matching methods, the test here introduced is groun-
ded on fundamental mathematical areas of randomness and optimal infer-
ence. We argue that human-agnostic metrics based on the universal principles
established by Algorithmic Information Theory (AIT) formally framing the
concepts of model abstraction and prediction offer a powerful metrological
framework. When applied to frontiers models, the leading LLMs outperform
most others in multiple tasks, but they do not always do so with their latest
model versions, which often regress and appear far from any global maximum
or target estimated using the principles of AIT defining aUniversal Intelligence
(UAI) point and trend in the benchmarking. Conversely, a hybrid neuro-
symbolic approach to UAI based on the same principles is shown to outper-
form frontier specialised prediction models in a simplified but relevant
example related to compression-based model abstraction and sequence pre-
diction. Finally, we prove and conclude that predictive power through arbi-
trary formal theories is directly proportional to compression over the
algorithmic space, not the statistical space, and so further AI models’ progress
can only be achieved in combination with symbolic approaches that LLMs
developers are adopting often without acknowledgement or realisation.

Aswe enter an AI test saturation phase, where all AI models claim to be
the best or front runners on all available AI tests, new tests ideally
orthogonal to current ones have to continue to be developed that can
keep up with new models to keep increasingly challenging them.

Historically, humans have been heavily biased to believe that the
way humans think and act represents the acme of intelligence, and

there remains the philosophical and scientific question of the extent to
which we can achieve more objective or less human-centric measures
of intelligence.

The impressive performance of large language models (LLMs) as
language processing and generation tools evinces that language and
other areas of human intelligencemay be overrated and canbe, in fact,
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more dependent than we thought on aspects of memorisation and
statistical pattern matching.

A common psychological perspective sees intelligence through
the lens of IQ tests; one of the first was the g-factor, a psychometric
construct introduced by Spearman1 that quantifies the positive cor-
relations between cognitive abilities. This framework is consistently
linked to a human-centric perspective of what intelligence is and,
therefore, biased towards circular reasoning. In the context of AI, some
LLM benchmarks test for different factors, with several benchmarks
based on correct answers versus hallucinations; someofwhich are also
very human-centric metrics related to humans’ biological peculiarities
and shared history.

Some scholars argue that intelligence can be objectively defined
through tests that evaluate specific computational abilities essential to
demonstrate intelligent behaviour, rather than trying to define intel-
ligence itself in absolute terms2–6. This perspective shifts the focus
from an abstract or philosophical definition to a practical, measurable
framework assessing an entity’s capacity for problem-solving, pattern
recognition, and adaptive learning within a structured system.

This reflects an operational turn in the study of intelligence,
emphasising the design of formal benchmarks and quantifiable
metrics. However, this approach is not without philosophical chal-
lenges. By reducing intelligence to observable outputs, it risks over-
looking the role of internal representation, consciousness, or semantic
understanding—dimensions emphasised in critiques like Searle’s.

An approach toward tackling such issues is to ground intelli-
gence metrics in more fundamental notions of computation and
mathematics. For example, the concepts of randomness, prediction
and inference as defined by Gregory Chaitin, Andrey Kolmogorov,
and Ray Solomonoff. Chaitin7 proposed that formal definitions of
intelligence and its components should be based on algorithmic
complexity, a formal mathematical theory able to define the concept
of randomness as opposed to intelligence. Similarly, Solomonoff8

advanced the idea of evaluating intelligence through algorithmic
probability, laying the foundation for optimal prediction frameworks
(or universal “Bayesian” inference). These approaches further moti-
vated approaches such as Hutter’s AIXI9 in an attempt to reconcile
objective evaluation with theoretical generality in the context of
learning. Algorithmic complexity, algorithmic probability, and algo-
rithmic randomness comprise the most important concepts in
algorithmic information theory (AIT)10–13 and provide the accepted
mathematical definitions of randomness and optimal inference
(induction and abduction), going beyond simplistic statistical tests
based on methods such as GZIP or LZW, popular pattern-matching
compression methods that are more closely related to Shannon
entropy than to model synthetization and predictive inference. At
recent public events, speaking about the foundations of AI and AGI,
some leaders in the AI industry have drawn strong parallels between
algorithmic complexity, data compression, and AI14,15. Although these
terminologies, such as AGI and ASI, are currently loosely defined in
the scientific literature, these claims and the current understanding
make the connection between LLMs (or any other generative AI),
algorithmic complexity, and data compression clearer and more
explicit, even calling it fundamental for general and super intelli-
gence, artificial or natural.

Based on these arguments connecting intelligence to recursive
compression6, some tests for machine, human, and non-human enti-
ties have been proposed in refs. 5,16,17. Section “ Compression as
comprehension about (and as part of) the world” presents a reflection
on that property of intelligence to involve the identification of recur-
sive patterns, planning from prediction, and the generation of concise
explanations for observed complex phenomena. Recursive compres-
sion heremeans the ability to represent an observation in a condensed
manner by taking advantage of aspects of the data’s regularities
beyond statistical pattern matching. This is, by selecting and keeping

asmany as possible, the features thatmake the explanation executable
and predictive of the explanandum's future states.

Despite the interesting theoretical arguments that could bedrawn
from these connections, one argument is that they would only be valid
under idealised conditions (unbounded data access/storage, perfect
optimisation, appropriate inductive biases), which are rarely met in
practice. As seen in real-world problems, even simple datasets with
specific distributions can lead to optimisation toward local minima
that do not correspond to minimal algorithmic descriptions.

Closely related ideas are also in evidence in Schmidhuber’s Gödel
machines18 work and Hutter’s AIXI9 based on Levin’s search19 and the
principles of algorithmic probability12,20,21. Similarly to a test proposed
in ref. 22, a benchmarkdesigned to evaluate conceptual understanding
in machine learning models was proposed, consisting of a diverse set
of tasks that indirectly assess a model’s capacity for abstraction,
requiring it to generalise beyond memorisation23. These tasks chal-
lenge models to reason both interpolatively (by making sense of pat-
terns within observed data) and extrapolatively (by extending learned
principles to novel scenarios). Although interesting and a first
approach, the test lacked robust foundations of algorithmic informa-
tion, nor were they applied to frontier models. See also Section 4.2 for
further theoretical challenges and developments. In a previous work,
we successfully explored some of these ideas, proving that we can
perform this search on non-differentiable spaces using metrics purely
based on algorithmic complexity to search for those programmes in
model space, making the previously considered fundamental
requirement of differentiability redundant24.

Building on previous work in related applications in the context
of algorithmic inference and universal intelligence2,4,5,25,26, here we
introduce a quantitative test for any AI model that aims at universal
and agnostic optimisation with an application to LLMs fully framed in
terms of the principles and foundations of AIT together with per-
turbation analysis from Algorithmic Information Dynamics27–29 (see
Supplementary Information). Our framework is related to tests such
as the ARC-AGI tests/challenge30, but it is agnostic to: the chosen set
of problems, since it does not pick specific test cases; the underlying
formal theories that define or characterise the evaluation tools; the
chosen observer/evaluating agents; and the chosen interacting
agents or external input. It avoids the devise of a metric that is fixed,
whose theoretical principles are not assumed to evolve together with
the tested subjects, thereby allowing the test to become the target
and no longer useful (see also section “Results” and Supplementary
Information)—therefore, a test for what can be understood as AGI
and ASI.

While we do not assume that connections to compression as
model abstraction and prediction as planning are necessary but not
necessarily sufficient for general intelligence, these qualities have
recently been strongly associated with AI, AGI, and ASI31,32.

Our framework adopts a specific theoretical perspective on
intelligence, but surely does not capture all aspects of human cog-
nition. The test here introduced is meant to challenge aspects of AI
(e.g., LLMs) by putting forward mathematical theory and methods
related to the properties of intelligence believed to be key for
intelligence, in particular AGI or ASI, such as model abstraction and
planning, as in model synthesis (new explanatory models) and as in
its recursive prediction capabilities. Although we propose a method
in simplified contexts, this is without any loss of generality to any
other type of data.

We claim that the feature of increasing complexity makes the test
robust to benchmark contamination and test targeting and can
account for improvements due to external intervention, while its
ultimate uncomputability nature provides the desired open-
endedness for a feature likely to be as complex as what is trying to
capture and evaluate. In other words, an equally complex and open
test for an equally complex and open attribute, intelligence.
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Results
The tests were inspired by, and based on, two methods called Coding
Theorem andBlockDecompositionmethods (CTMandBDM)33–35, which
use a composition of pattern-matching and running a very large set of
small computer programmes to approximate a distribution allowing
the estimation of the algorithmic complexity of short objects provid-
ing insights into the minimal description length of objects such as
strings, sequences or images.

These methods have been applied to humans before on similar
tasks and the same tools (CTM/BDM), showing that the methods can
capture aspects that other intelligence tests based on pattern match-
ing fail or require much more ad hoc information and assumptions to
reproduce them2. Humans showed some predictive capabilities that
could be quantified only with CTM/BDM and not with other statistical
tools. This led CTM and BDM to be widely used today in the psycho-
metric testing space by multiple groups36–38.

Among the results in ref. 2, people showed that at 25 years of age
they had the highest ability to identify and produce the highest ran-
dom complexity when required, and decreased when older. More
experiments shouldbe conducted to test humans’ recursive prediction
capabilities, butwhat the article showed2 was that people built and had
better perception models for producing and identifying random ver-
sus non-random content when they were 25 than at any other age and
therefore weremore sensitive to identifying less predictive data, all of
which are compatible with current knowledge of human cognitive
trends and capabilities.

While we do not necessarily expect humans to perform well on
predictive tests such as those introduced here, humans are, in princi-
ple, mechanistically capable of solving them. As such, these tasks are
arguably within the definition of AGI as a system possessing the full
range of human capabilities, without time constraints. Moreover, in
the context of ASI, the natural assumption is that of optimal predic-
tion, for which Algorithmic Information Theory (AIT)–used and
exploited here for testing purposes–is the accepted mathematical
framework.

Next-digit prediction taskwithbinary andnon-binary sequences
The objective of this experiment is to test a fundamental property of
LLMs, that is, the prediction of the next token, within the context of
Algorithmic Information Theory (AIT), the accepted mathematical
theory governing optimal prediction, as introduced in the Sup Inf.

We tasked large language models (LLMs) specialising in time
series prediction with predicting the final digit of both non-binary
sequences and binary sequences, the latter of which were categorised
as either random or “climber” sequences. The results of the experi-
ment involving binary sequences are presented in Fig. 1.

We call “climbers” those sequences that have some recursive
properties that make them stand out and have been properly ranked
as of lower complexity, given their recursive properties according to
CTM/BDM (see Supplementary Information). As shown in Fig. 1, in
the case of what we call “climbers”, Lag-Llama achieved the best
performance, with 70% precision, while TimeGPT-1 and Chronos
barely reached 50% precision, while CTM/BDM was used as a gold
standard.

However, for random sequences, which are considered highly
‘complex’ in this context, all models performed similarly, showing
limited predictive power, as expected. These results suggest that,
given the binary nature of the sequences, themodels had a 50% chance
of predictive success, effectively reducing the task to guessing, yet
some performance difference was noticed for non-random cases,
indicating some predictive ability. However, their performance aligns
with broader research that indicates that LLM models do not effec-
tively capture sequential dependencies or complex patterns inherent
in time series data. As highlighted by Tan et al.39, despite their

computational intensity, LLMs often fail to outperform simpler mod-
els, particularly when there is high complexity or randomness in
the data.

A comparable analysis was conducted using LLMs specialised in
time-series data, using non-binary sequences of increasing com-
plexity. In this test, a specific percentage of the final numbers in each
sequence was required to be predicted. Three distinct metrics were
utilised: general similarity, sort similarity, and the Levenshtein dis-
tance (refer to the section “Next-digit prediction task” for its defini-
tion). Figure 2 presents the results, where sort similarity and general
similarity exhibit closely aligned trends. This indicates that the pre-
dictive accuracy of LLM models, even when fine-tuned for numerical
series, diminishes as the complexity of the sequences increases. The
resemblance between sort similarity and general similarity implies
that while predictions may include some of the expected numbers,
their correct order remains equally critical and may not always be
achieved.

In Fig. 1, sequences chosen for each complexity class follow a
pattern of increasing complexity in all cases, according to both sta-
tistical and algorithmic measures. This was by design to test the LLM's
capabilities in solving similar problems of increasing complexity,
divided into three complexity groups.

This observation is corroborated by the findings from the
Levenshtein distance metric, which quantifies the minimum number
of single-character edits (insertions, deletions, or substitutions)
required to transform one sequence into another. As the complexity
of the sequences rises, so does the Levenshtein distance, further
confirming that predictive accuracy deteriorates with increasing
complexity. Fig. 1 (bottom) shows an increase in complexity as
expected, given the design of each group of generated sequences.
The plot suggests that BDM can capture (and can generate) better
complexity and randomness, since its values increase more con-
sistently as complexity increases, unlike other measures. Shannon
entropy-based measures (and cognates) can account for statistical
randomness only. Compression algorithms, for example, decrease as
complexity increases, becoming more difficult to find regularities
and increasing compression length as a function of complexity
growth.

Free-form generation task with non-binary sequences
A subsequent analysis focused on the free-form test, where LLMswere
given complete freedom to generate any model or formula capable of
producing target sequences of increasing complexity.

In the Supplementary Information, we provide the plots of
complexity-related metrics for the models and formulas generated by
LLMsused in this research. Themetrics evaluated include the length of
the LZW-compressedmodel, the length of the ZIP-compressedmodel,
the BDM of both the uncompressed model and its LZW and ZIP-
compressed forms, and the Shannon entropy of the model.

The plots reveal a clear positive correlation between model com-
plexity and the metric values as the complexity of the target numerical
sequence increases. Specifically, as the complexity of the sequence
grows, the length of both LZW and ZIP-compressed representations
increases, suggesting that the LLM-generatedmodels become larger and
less compressible. This indicates that the models provided by the LLMs
become unable to compress and then to understand the logic behind
sequences, giving as a result the sequence itself.

The BDMvalues (for the raw, LZW, andZIPmodels) also exhibit an
incremental trend, further supporting the observation that the LLMs
generate less structured models when faced with more intricate
sequences. Additionally, the Shannon entropy values rise with com-
plexity, highlighting the increase in unpredictability or information
content within the models as they attempt to approximate more
complex patterns.
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These findings suggest that the LLMs struggle to produce com-
pact or efficient models as the complexity of the target sequence
increases. The uncompressed models generated by the LLMs become
longer and less structured, as indicated by the rise in all metrics. This

reflects a limitation in the LLMs’ ability to discover or generate concise,
elegant models for more complex sequences. Instead of producing
simpler, more generalisable formulas, the LLMs resort to more con-
voluted representations, indicating a lack of sophistication in their

Fig. 1 | Top: Percentage of accuracy of model abstraction and prediction for
binary sequences by time-series predictionmodels against BDM. That climbers
(up) were better predicted is expected from models that are able to better

characterise and predict simpler sequences. Bottom: Quantitative agreement of
monotonic sequence increase of complexity: Comparison of BDM, Shannon
entropy, average length of Zip and LZWover the time series generated to test LLMs.
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capacity to identify or generate models that optimally balance com-
plexity and brevity.

Emergent abilities. Another experiment aimed to evaluate char-
acteristics recently attributed to LLMs, particularly their so-called
emergent abilities, which include innovation, discovery, and
improvement (see also section “Compression as comprehension about
(and as part of) the world” and Supplementary Information). These
attributes have been claimed to enable LLMs to perform at levels
comparable to the human top 1% in fluency and originality, as sug-
gested by Zhao et al. in their assessment of creativity in artificial
intelligence systems40.

The experiment tested these claims by challenging LLMs to gen-
erate multiple, diverse approaches to reproducing non-binary
sequences of varying complexity. The underlying rationale was that
originality often stems from the ability to perceive problems in new,
unexpected ways. Thus, the test focused onmeasuring the variety and
creativity of outputs, as well as the models’ capacity to discover
innovative or unconventional solutions.

Two distinct tasks were designed for this evaluation. In the first,
models were asked to create any type of formula or mathematical
model capable of replicating the target sequences. In the second,
models were tasked with writing Python scripts to achieve the same
goal. By incorporating these variations, the experiment sought to

assess the models’ adaptability, computational reasoning, and
creative potential across different problem-solving paradigms.

The results are shown in Figs. 3–6, where the following classifi-
cation of cases was used:
1. Known Sequences: using standard algorithms such as Fibonacci or

primes.
2. Pure Math: using mathematical operations without predefined

sequence knowledge.
3. Not Found: inability to produce outputs.
4. Print Scripts: (only for script generation) trivial solutions directly

printing the target sequence.
When it came to the production of different models or formula

tests, while Gemini, Claude-3.5-Sonnet, and ChatGPT-1o performed
relatively well, they ultimately shared the same core limitations as
other models. In contrast, Meta and Mistral consistently under-
performed, exposing disparities in baseline capabilities among LLMs.

Code generation task with non-binary sequences
For this experiment, oneof themainmetricswemeasuredwas accuracy,
which refers to theproportionof programmes indifferentprogramming
languages generated by ChatGPT that, after compilation and/or execu-
tion, produce the target sequenceofdigits. Supplementary Figures show
that correct programmes are more common at the lowest levels of
complexity, with some minor exceptions. In the Supplementary

Fig. 2 | Similarity over predictions with Chronos, TimeGPT-1 and lag-llama. See the “Methods” section and descriptions in the Supplementary Information.
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Information, we also show the distribution of print cases by language
and complexity level. They support the earlier observation that cor-
rectness in many instances is linked to a lack of compression.

Supplementary Figures in the Supplementary Information, we
show the distribution of correct instances by sequence and by pro-
gramming language generated by ChatGPT. The different program-
ming languages are shown in coloured rows. On the right-hand side,
the percentage of correct instances. At the top, the number of pro-
gramming languages that overlap or solve the same problems cor-
rectly, and, at the bottom, the extent of the overlap. For example, 5
languages solve the same 20 of 120 problems.

According to the results, the vast majority of correct cases are
printed, failing to compress the sequences. This indicates that in
most instances where the system correctly identifies a sequence, it

does so by simply outputting the sequence as is, without any attempt
at compression.

A second test performed to evaluate compression was based on
the no-compression percentage. According to this metric, a com-
pressed—and therefore, comprehended—sequence could be expres-
sed as a general (and ideally short) programme. Print cases are
considered here to have 100% non-compression, since they involve
displaying theoriginal sequence as is, which, inour test, is synonymous
with not understanding the sequence.

Figures in the Supplementary Information show how no-
compression generally increases with complexity, except for Mathe-
matica, where the no-compression percentage is lower at complexity
level 2 than at level 1. This happened because Mathematica has the
capacity to computationally replicate several well-studied and known

Fig. 3 | Comprehensive analysis of formulae generation for numerical sequen-
ces of increasing complexity. Top: Percentage of equivalence between generated
formulae, measuring output similarity and solution diversity. Bottom: Accuracy rates
showing correct replication of target numeric sequences across complexity levels.

The results demonstrate a direct correlation between sequence complexity and
diminished model performance, with particularly stark degradation in equivalence
rates suggesting limited solution diversity. Notably, newer versions of models per-
formed worse than their previous iterations (see Supplementary Information).
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sequences of numbers. This capacity leads to shorter code at com-
plexity level 2. However, at complexity level 3, the trend aligns with
other languages, showing direct proportionality between complexity
and no compression.

Another analysis addresses the influence of the temperature
parameter on the production of code to generate specific numeric
sequences. In the Figures in the Supplementary Information, the
average percentage of no compression by language, and across the
different values of temperature used during the experiment, is shown.
This plot shows the shaded area representing the confidence tolerance
over the average of no compression along the different values of
complexity.

The trends in the percentage of no-compression across all tem-
perature values are nearly identical, as are the shapes of the confidence
intervals. The temperature value used to generate the code does not
affect the result, indicating that the temperature does not have an
impact on this experiment. It is worth mentioning the ArnoldC case,
where, in fact, there were notmany correct cases,making it difficult to
calculate a confidence interval.

SuperARC-seq
Based on the previous experiments, it is possible to characterise one
test directly related to the SuperARC framework: the SuperARC-seq.

The objective of this test is to quantify intelligence and related cog-
nitive capacities, specifically, reasoning and comprehension, drawing
inspiration from the work in ref. 34 and the theoretical and empirical
studies introduced here. As mentioned, this test is grounded in one of
the fundamental cognitive tasks: recognising patterns and evaluating
the complexity of finite sequences, which inherently requires a level of
comprehension in order to provide a meaningful explanation. In our
experiment, we generated short integer sequences (100 binary and 90
integer-valued in general, as seen in the Sup Inf) and tasked several
advancedLLMswithderiving a formula capable of reproducing eachof
the target sequences.

We classified the correct answers provided by the LLMs into
three types:
1. Prints: Themodel simply reproduced the target sequencewithout

any attempt to encode or express it logically. This response type
reflects a failure to abstract or deduce any underlying pattern,
simply outputting the sequence as is.

2. Ordinal: Themodelprovidedamappingbasedon the indiceswhere
“1”s occur in the sequence. This response reflects an attempt by the
model to analyse and map some logical structure to the sequence,
making it more valuable than simply reproducing it verbatim. For
integer sequences in general, a simple ASCII mapping was per-
formed to convert from integers to binary encodings.

Fig. 4 | Integrated formulae analysis: type distribution and volume by model
complexity. Top: (Complexity 1), middle: (Complexity 2), and bottom: (Com-
plexity 3) show the integrated view combining formula generation volume (gold
line, secondary axis) with type distribution among both total (lighter bars) and
accurate (darker bars) responses. Responses are categorised as known sequences
(blue), puremathematical expressions (green), and not found (red). The integrated
panel reveals thatwhilstmodelsmaygenerate valid formulae at lower complexities,

the proportionof accurate responsesdeclinesprecipitously, and relianceonknown
sequences dominates over novel mathematical reasoning. These limitations are
especially pronounced in contexts permitting complete freedom to discover
diverse yet correct solutions, underscoring an absence of genuine creativity and
mathematical understanding, attributes often mistakenly attributed to these
models40. Notably, newer versions of models performed worse than their previous
iterations (see Supplementary Information).
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3. Non-Both: These responses avoided both simple reproduction
and ordinalmapping, reflecting amore sophisticated approach to
understanding and encoding the pattern. Such responses are the
most valuable as they imply a deeper analysis and potentially
creative logic to represent the sequence.

Thus, from these three types of correct results (i.e., the recon-
structed sequence matches exactly the original one), we have four dif-
ferent classes of results: Correct & Non-Both; Correct & Ordinal; Correct
& Prints; and Incorrect. For any given tested model, the percentages of
results belonging to each group canbe combined as a vector ρof rates in

the range [0, 1], where ρ = [%c,np,no, %c,o, %c,p, %inc] such that
P4

i = 1ρi = 1.
Notice that the percentages are represented in the range [0, 1] in order to
resemble probabilities. We know, beforehand, that the best-performing
model would be one with ρbest = [1, 0, 0, 0]. Thus, a first possible test
would be to check the overall percentage of correct answers.

φa =
X3
i= 1

ρi, ð1Þ

which would range from 0 to 1 for models that are not able to
reproduce any sequence to models that perfectly reconstruct the

Fig. 5 | Comprehensive analysis of language model performance in Python
script generation across complexity levels (Low, Medium, High). Top: Script
equivalence analysis, showing percentage of equivalence between generated scripts
(measuring output similarity and solution diversity). Bottom: Model accuracy per-
formance, showing accuracy rates versus complexity. Results expose fundamental

LLM limitations: whilst models generate coherent solutions, accuracy deteriorates
markedly with complexity. Upper trajectories show equivalence remains stable whilst
accuracyplummets---models generate internally consistent but incorrect approaches.
Notably, newer iterations underperformed preview versions (see Supplementary
Information), challenging assumptions of monotonic improvement.
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sequences, respectively. However, this only accounts for the ability of
LLMs to reproduce the initial sequence (planning) but not for their
compression capabilities. To account for the latter, let us assume that
the best possible algorithm for each element of the data set is Bk, j ,
such that Bk, jðÞ=Dk, encoded½j�, and here the algorithm does not have a
particular input, similar to the definition of algorithmic complexity.
Thus, from the basic properties in AIT:

KðDk, encoded½j�Þ=KðBk, jðÞÞ≤KðBk, jÞ+Oð1Þ ð2Þ

The ratio

KðDk, encoded½j�Þ
KðBk, jÞ+Oð1Þ ð3Þ

consistently falls within the range [0,1] for medium to long sequences
when no embedding algorithms are employed. This behaviour arises
because approximations of algorithmic complexity are less reliable for
short sequences, primarily due to the overhead inherent in theoretical
computations. In order to surpass this limitation, instead of assessing
the absolute algorithmic complexity (or any of its approximations), we
shall consider a normalised version of it (denoted by nBDM( ⋅ )).

To approximate algorithmic complexity, we will use the BDM/
CTM approach, as described in detail in previous sections, and its
normalised version, as pointed out in previous works35 for any object

of arbitrary size, it is possible to construct analogous objects that
attain the minimum and maximum possible values of algorithmic
complexity according to the BDM:

• minimum complexity object: This case is straightforward and
corresponds to an object composed entirely of a single repeating
symbol—for instance, a binary string consisting solely of zeros;

• maximum complexity object. The maximum BDM value is
achieved by an object whose decomposition (according to a
specified algorithm) results in slices that exhibit the highest values
of the coding theorem method (CTM), with each distinct slice
occurring only once until all possible configurations of the given
shape have been exhausted.

The primary advantage of considering a normalised measure lies
in its ability to enable comparisons between objects of varying sizes,
effectively mitigating the influence of size on the measure itself. This
property is particularly in the case of the present study, where we
compare the complexities of sequences and formulas
generating them.

This way, the following ratio presents itself as an interesting
weighting factor for the probabilities in Eq. (1):

nBDMðDk, encoded½j�Þ=nBDMðBk, jÞ ð4Þ

Fig. 6 | Integrated script analysis: type distribution and volume by model
complexity. Top: Complexity 1, middle: Complexity 2, and bottom: Complexity 3
show the integrated view for each model. Semi-transparent left bars indicate total
script type distribution (Known sequence = red, Not found = blue, Pure math =
green, Print = orange); solid right bars show accurate predictions only; gold dia-
monds (right y-axis) indicate valid script volume. The disparity between left/right

bar heights quantifies the accuracy gap. Predominance of `Not found' (blue) at
higher complexities indicates systematic failure to recognise solution strategies.
Without analogous training exemplars, LLMs cannot reliably deduce solutions
despite extensive Python training. Notably, newer iterations underperformed
preview versions (see Supplementary Information), challenging assumptions of
monotonic improvement.
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The ratio in Eq. (4) measures how the algorithmic complexity of
the formula and sequence compares to the other possible outputs of
the LLM. If the relative algorithmic complexity (measured by the nor-
malised BDM value) of the formula is greater than it was for the
sequence itself, this suggests the LLM did not succeed in compressing
the input sequence (it made the formula have a greater relative algo-
rithmic complexity). On the other hand, if the opposite occurs, then
the LLM could compress the sequence compared to other possible
outputs of the LLM.

The ratio in Eq. (4) ranges from 0 to a positive valueM > 1, which
happens when the best possible compression is achieved (the inverse
mapping of CTM). Since M is not known beforehand, we can use a
nonlinear mapping that saturates the value of the ratio to a maximum
value of 1 (similar to an activation function). The hyperbolic tangent
function can be used in this case, since tanhð0Þ=0 and
limx!1 tanhðxÞ= 1. Thus, a candidate weighting factor for the prob-
abilities in (1) is:

δk, j = tanh
nBDMðDk, encoded½j�Þ

nBDMðBk, jÞ

 !
ð5Þ

with the best possible value of δk,j approaching 1 in a perfect com-
pression scenario. Since we have several algorithms classified under
each of the four types (according to their structure), instead of using
the individual ratios for each type k, we shall use the harmonic mean
per type, defined as:

δk =
nkXnk

j = 1
δ�1
k, j

forRk, j of type k, ð6Þ

where nk represents the number of algorithms that are of type k. If we
include m sequences in the test, for example, nk = mρk. Thus, an
updated version of the test is

φb =
X3
i= 1

δiρi: ð7Þ

Deliberately, we want to privilegemodels that do not simply copy
or provide ordinal mappings of the input sequences. Thus, we can
attribute higher weights to types that are correct and do not copy or
print the results.We alsowant to givemoreweight toprogrammes that
provide ordinal mappings when compared to print cases. Then, con-
sidering a power-law weighting strategy, the final test metric is

φ= δ1ρ1 +
δ2ρ2

10
+
δ3ρ3

100
: ð8Þ

It can be seen that φ ∈ [0, 1] encompasses different behaviours.
For example, φ ∈ [0, 0.01] if only print-type models are outputted.
Also, φ ∈ [0, 0.1] if only ordinal-like formulas are created. Finally,
φ ∈ [0, 1] in cases where the LLMs create formulas that are always
correct, do not copy or create ordinal mappings. The ranges will be
populated with varying compression levels corresponding to the
algorithms obtained. Overall, if the score is 0, all the formulas were
wrong. If it is 0.5, it can represent the casewhere half the outputs were
correct, and half were wrong, with the formulas produced with the
highest compression levels. So, in a regular half-and-half case, since
compressionwill not be optimal, the test score is less than0.5. The test
performance results for each model are calculated using Eq. (8) for T
in Algorithm 1.

There are some possible variations for the test metric in Eq. (8).
For example, some sort of Bayesian approach could be used to
consider that the elements of ρ are not constants, but random vari-
ables which could account for the number of different correct/
incorrect answers for the same input sequence. In this way, the

multiplicity of possible generators is taken into account, better
capturing the concept of algorithmic probability, and the output
of the test would be a random variable instead. However, LLMs
hardly produced even one correct answer, so we kept the formula
simple.

As described, Eq. (8) tests for two features, compression via non-
print computer programmes and non-ordinal mathematical formulas
to the input sequence, and prediction, by running all programmes and
all formulas to match each sequence digit, and penalising them when
they did not represent an actual compressed model that generated a
possible new digit of the sequence when run in reverse, i.e., when
‘decompressed’. The test formula assigns greater importance to cor-
rect cases that are not solutions of the type ‘print(s)’ where s is the
sequence for which the AI system is asked for a model, given that a
print model does not allow generalisation by prediction through
simulation, as running a print command will only print up to the last
digit. The same is true for what we call ‘ordinal’, which is simply indi-
cating the index of the non-zero non-one element in the binary (or
binary embedded) sequence, meaning that, together with the ‘print’
case, the system failed in its attempts at abstracting features of the
object. Finally, the formula punishes ordinal and print answers in a
weighted fashion. The best performer can only reach aφ of 1, while the
lowest value is 0.

Applying SuperARC-seq. The results of the LLM classification after
applying this test according to the formula are shown in Table 1 and
summarised in Fig. 7 for binary sequences. As shown in Table 1 and
Fig. 7, CTM/BDM would achieve perfect scores in all categories, con-
sistently avoiding trivial responses and providing accurate formulas.
By design, this model clearly excels in abstract feature recognition,
outperforming all other models at prediction, which we claim is key to
planning. CTM/BDM actually produces a set of possible generative
models (computer programmes) that, when run in reverse in what
would be the uncompressing process, produce new elements to test
against the observation, thus updating and producing new possible
outcomes. These models are also hypotheses that do suggest whether
a sequence is random or not, rather than looking for such a sequence
in the training set or a combination thereof and failing for those not
found in the distribution.

These findings indicate that LLMs perform well when there are
discernible patterns in the data, but struggle with randomness, failing
to capture complexity in an algorithmic sense. In contrast, AIT can
accurately predict (rather than guess) the sequence, regardless of the
string’s complexity. These results demonstrate that the algorithmic-
complexity approach effectively approximates the minimal descrip-
tion length of information, identifying the shortest algorithm capable
of generating a given sequence.

Despite being the top-ranked LLM model, chatgpt_4.5 only pro-
vided ordinal mappings (soft copies) of the inputs, which achieved
correct results at the cost of no abstraction and comprehension at all
(slightly better than a pure print-only test score). The GPT-4o, Grok-3,
Meta, Claude 3.5, and o1—preview LLM versions produced several
incorrect formulas, while the other LLM models mostly produced
print-like responses, indicating a lack of pattern recognition beyond
basic sequence reproduction.Notably, in the evaluationof consecutive
versions, the most recent models—with the exception of Grok—
demonstrated a degradation in performance.

Unlike standard LLMs that predict the next tokens in text, CTM/
BDM finds the generative processes of the sequence by a combination
of symbolic and statisticalpatternmatching algorithms,which allows it
to derive concise models that can then run in reverse to match each
digit and produce new ones, hence allowing prediction and planning
by picking themost likely among a set of possiblemodels based on the
algorithmic probability of the model (how short and how often the
same model was found to produce the same sequence).
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It is important to note that the SuperARC-seq application hereby
considered only took into account binary sequences. Whenever inte-
ger sequences were considered, a clear biasing of the results was
observed as LLMs started to take advantage of their training corpus to
actually display memorisation capabilities rather than abstraction and
synthetization ones. Figures 8 and 9 present the percentages of each
type of output and the test scores when different types of sequences
were considered.

The test scores for different types of sequence reveal that the
inclusion of integer sequences leads to significantly higher perfor-
mance of LLMs, as shown in Figs. 8 and 9, where higher percentages of
Correct &Non-Prints & Non-Ordinal and Correct & Ordinal outputs are
seen, as well as higher test scores. This is likely due to the models
leveraging memorised associations between familiar integer sequen-
ces and pre-learned formulas—an effect similar to hash-based retrieval.
These findings show the importance of limiting evaluations to binary
sequences, which are less likely to have been part of the training data,
thereby providing a more accurate and unbiased assessment of model
performance.

The robustness of the test score when only binary sequences are
considered canbe seen inFig. 10,which shows the result of a bootstrap
procedure. The bootstrap simulation procedure was conducted as
follows: for each specified sample size s (s equal to 25, 50, 75, and 100),
100bootstrap samples of size swere drawnwith replacement from the
complete dataset, which consisted of 100 binary sequences (Supple-
mentary Information). For each bootstrap sample, the corresponding

test scores were computed. The resulting plot presents the confidence
intervals for the test scores obtained across all bootstrap iterations.
The observed stability in test scores, coupled with the progressively
narrowing confidence intervals around the mean as sample size
increases, suggests a high degree of robustness in the evaluation
metric. This indicates that the test score is largely insensitive to the
particular subset of sequences used, thereby validating the reliability
of the assessment across different sample sizes.

These results are alignedwith recentwork exploring, for example,
LLMs’ logical reasoning failures41 as well as GPT-4’s limitations in
deductive reasoning42. Other researchers have also reported degra-
dation of mathematical capabilities43 and planning limitations44. These
works collectively document that LLMs struggle with systematic rea-
soning across multiple domains.

Discussion
In previous work, we have shown that aspects of human2,17 and animal4

cognition could be characterised, and aspects of their behaviour
reproduced in terms of algorithmic probability tools and algorithmic
complexity metrics that we have also suggested for artificial and
computational systems, including robotics5. Here, we tested this
approach and proposed a new quantitative metric based on an fun-
damental ASI-level method28 grounded in algorithmic information
dynamics (AID)27,29 and the principles of algorithmic information the-
ory (AIT) related to recursive compression (as opposed to statistical)
and prediction in application to large language models (LLMs), which

Table 1 | Numerical benchmark ranking of popular frontier models publicly available against ASI represented by fundamental
or neurosymbolic models like AIXI95 and CTM/BDM26,35

Model ρ1 ρ2 ρ3 ρ4 δ1 δ2 δ3 φ

AIXI/BDM/CTM 1.000 0.00 0.0 0.000 1.000 0.000 0.000 1.000

ChatGPT-4.5 0.00 1.000 0.0 0.000 0.000 0.419 0.000 0.042

o1-Mini 0.00 0.64 0.0 0.36 0.000 0.537 0.000 0.034

Claude-3.7 0.00 0.81 0.0 0.19 0.000 0.407 0.000 0.033

Claude-3.5 0.06 0.14 0.0 0.80 0.449 0.428 0.000 0.033

o1-Preview 0.00 0.29 0.0 0.71 0.000 0.423 0.000 0.012

Gemini 0.00 0.00 1.000 0.000 0.000 0.000 0.762 0.008

Cursor-Small 0.00 0.00 1.000 0.000 0.000 0.000 0.762 0.008

ChatGPT-4o-Mini 0.00 0.00 1.000 0.000 0.000 0.000 0.762 0.008

Mistral 0.00 0.00 1.000 0.000 0.000 0.000 0.710 0.007

Qwen 0.00 0.00 1.000 0.000 0.000 0.000 0.710 0.007

DeepSeek 0.00 0.00 1.000 0.000 0.000 0.000 0.710 0.007

Llama-4-Scout 0.01 0.00 0.0 0.99 0.450 0.000 0.000 0.004

Grok-3 0.00 0.02 0.0 0.98 0.000 0.318 0.000 0.001

Mistral-Large-3 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Meta 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Gemini-3-Pro 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Claude-4.5 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

ChatGPT-5.2 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Grok-4.1 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

ChatGPT-4o 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Grok-4 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Claude-Sonnet-4 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Gemini-2.5-Pro 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Mistral-Large-2405 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Claude-Opus-4 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

DeepSeek-R1-0528 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Qwen-3 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

ChatGPT-5 0.00 0.00 0.0 1.00 0.000 0.000 0.000 0.000

Best per-column values are in bold (for all columns, greater values are better except for ρ4, where smaller is better).
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are believed or have been proposed to be capable of approaching
artificial general intelligence (AGI) and superintelligence (ASI).

Algorithmic information dynamics (AID)29 combines aspects of
statistical causal inference (those best grounded on causality), such as
perturbation analysis, and algorithmic information theory (AIT). AID
suggests that for an AI to be properly evaluated, the test has to be
dynamic and must evaluate the system’s ability to adapt and react to
the new conditions, in what constitutes a type of more sophisticated
Turing test beyond the simplicity of human language.

Applied to SuperARC, the test involved increasing the problem
input complexity and analysing the output complexity with our most
powerful tools that, as a consequence, are (semi-)computable but truly
capable of evaluating random deficiency, that is, how far an answer is
from randomness or simplicity, and for optimal prediction power of
the extracted/inferred executable computable model(s).

As governed by AIT, recursive compression and optimal predic-
tion go hand in hand45, but previous tests focused on particular subset
features, even those designed to test human reasoning and human
abstraction, such as ARC-AGI30. A system could theoretically excel at
ARC-AGI or SuperARC while completely lacking social intelligence,
embodied reasoning, common sense, or goal-directed behaviour; and
therefore, these tests are not meant to test everything we think an
intelligent system that will interact with humans in humans’ context
should possess.

Here, we have introduced and demonstrated that recursive
compression can quantify the property of model abstraction and data
prediction based on a mathematical proof provided in the Sup Inf, of
the equivalence between model compression and prediction applied
to sequences based on Martingales, without resorting to proof-
theoretic statistical tests. By incorporating and exploiting the formal
equivalence between prediction and recursive compression into an
intelligence test framework, we align the assessment of comprehen-
sion with fundamental computational principles. An agent’s ability to
abstract information through feature selection and model

compression reflects its capacity to identify and utilise patterns within
data. Similarly, its planning and prediction skills demonstrate its ability
to anticipate and enact future events based on these patterns.

Another problem in LLM testing is benchmark contamination: the
targeted optimisation of a model using leaked test answers. The open-
ended and interactional nature of our testing framework is intended to
counteract this problem of benchmark contamination and cheating.
Our investigation of frontier models, framed within the AID paradigm,
yields several key insights about the models’ comprehension cap-
abilities. Most of the models often demonstrate model version per-
formance regression, poor accuracy in replicating and predicting even
simple and recursively generated sequences beyond clearly memor-
isation results from the training distribution (such as sequence label-
ling). The vast majority of the correct answers turned out to be simple
print statements of the numerical sequences themselves, rather than
any code or model indicating any sign of understanding or pattern
recognition.

These conclusions are reinforced by the model’s explicit depen-
dency on specific programming languages for correctness or on awell-
studied anddocumented series of numbers. In otherwords, if there are
not enough implementations available in a specific programming
language for the model to learn from, or even specific methods of
mathematical analysis over specific numerical sequences, LLMs failed
to produce the correct answer. Considering the most popular and
widely used languages, LLMs do not demonstrate understanding but
instead rely on selecting from an abundance of previously seen cases.

In this context, we have shown that using those concepts in
reverse (that is, as generative rather than for testing purposes) can
provide the model with synthesising and recursive predictive power
that is otherwise lacking. In previous work, we have shown how opti-
mal prediction can be approximated using tools such as CTM and
BDM28, and also howBDMcanbeused in theopposite fashion: not only
as a testing tool for intelligence, but as a model generator25,26,46 via a
greedy algorithm as an approach to optimal inference35,47,48. While

Fig. 7 | Benchmarking plot fromTable 1 showing howmost frontiermodels are
close to each other in their performance under this test and far from artificial
general intelligence (AGI) or artificial super intelligence (ASI) goals according
to this test.ASI would be able to distinguish simpler from complex sequences and
generate predictive models for each accordingly, as AIXI9 or CTM/BDM would
do26,35 as instantiations of universal AI (UAI) that we take as an example of ASI as

optimal abstraction and prediction. Today, LLMs only produce or retrieve models
for sequences that were seen and found in their original training sets, given that
increasing the sequences' lengths impacts the LLM's performance in identifying the
sequence, hence indicating sequences are not recognised from first principles but
from simplistic pattern matching.
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someof thesemethods canbe seen as a brute forceapproach to a giant
lookup table of micro-programmes to explain the data, BDM is not.
BDM combines the algorithmic probability approximations produced
by CTM but then stitches each most likely programme for each piece

back together according to valid laws of information theory, in what
constitutes a pure form of hybrid statistical and symbolic explanation
—hence neurosymbolic. BDM, therefore, uses the two best inference
theories currently available to science, one being the most used and

Fig. 8 | Percentages by output types: p1 is the percentage of Correct & Non-
Prints & Non-Ordinal outputs; p2 is the percentage of Correct & Ordinal out-
puts; p3 is the percentage of Correct & Prints outputs and p4 is the percentage
of Incorrect outputs. It is clear that as soon as integer sequences are considered,

LLMs start to get better quality output formulas (i.e., greater p1 and p2). This sug-
gests that the models were trained on integer sequences rather than binary ones,
implying that incorporating integer sequences into the test calculations could
introduce bias.
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overused in statistical machine learning (such as Shannon entropy-
based measures, along with its limitations49), and one that has often
been neglected on the basis of uncomputability50,51, which in fact
guarantees open-endedness and optimal solutions.

LLM developers are moving slowly towards this direction, often
without realisation or acknowledgement. Technologies like RAGs,
KAGs/CAGs, agentic workflows, guardrails, long-context LLMs, and
more, are symbolic computation attempts to improve LLM cap-
abilities. Yet many of these approaches are not being introduced into
the system’s core functions (e.g., to quantify loss or explore the solu-
tion space), yet attempt to combine traditional statistical pattern
matching with symbolic approaches. This test and work suggest that
this integration and a deeper integration are key for aspects of model
abstraction and universal planning.

We reported that even frontier LLMs currently perform close to
pure-copy solutions when increasing the complexity of certain math-
ematical problems, with even advanced models struggling to perform
model abstraction/extraction and produce executable predictive
results. The results confirm that current LLMs, while competent in
pattern replication, lack critical elements associated with what are
believed to be key elements of AGI or ASI.

The LLMs involved in this test showed a high dependency on
predefined patterns. As complexity increased, models relied increas-
ingly on trivial strategies, such asdirect sequenceprinting or simplistic
brute-force mathematical expressions. This highlights the LLMs’
inability to abstract or conceptualise novel solutions that require some
degree of mathematical ingenuity.

The poor performance is revealed by the lack of synthesising cap-
abilities and the repetitive nature of the outputs for greater complexity

inputs. This tendency to revert to safe and redundant approaches
underscores the models’ limited synthesising capabilities and exposes
their high memory exploration dependencies in simpler modes.

For example, we reported that while from ChatGPT-4.5 to
ChatGPT-5 improved human benchmark scores have been observed
and reported, SuperARC performance degraded. The steep decline in
accuracy and functional outputs as complexity increased reveals that
these models are potentially increasingly heavily reliant on data size,
unable to generalise.

Our results demonstrate that models can regress in fundamental
algorithmic reasoning (SuperARC scores) while simultaneously
improving in human-centric benchmarks.

The models’ outputs suggest strength in replication but a lack of
adaptivity to new situations, as a disability to put together solutions in
a non-trivial manner to solve a new problem that would constitute a
form of model synthesis when increasing problem complexity. The
predominance of trivial or incorrect solutions demonstrates an
inability to think ‘outside the box’ (as in if it had not been seen in the
training distribution). This suggests that while LLMs can mimic com-
prehension through retrieval, patternmatching, andChain-of-Thought
techniques, their capabilities remain bounded when tested against
algorithmically complex sequences. These observations point directly
to a key distinction between current systems and AGI/ASI: the latter
would require the ability to autonomously generate new strategies,
abstract concepts, and exhibit flexible problem-solving beyond
training data.

Our results based on the first principles of the mathematical
theory of randomness and optimal inference in the context of claims
about ‘reasoning’ capabilities and AGI/ASI, suggest that none of the

Fig. 9 | Test scoreswhendifferent typesof sequences are considered.Consistent
with the results shown in Fig. 8, the inclusion of integer sequences leads to sig-
nificantly higher test scores for the LLMs. This outcomearises from themodels' ability
to exploit their internalised training data by directly associating observed sequences

with pre-learned formulas, suggesting a form of hash-like memorisation. These find-
ings highlight the importance of restricting the evaluation to binary sequences in
order toobtainanunbiasedmeasureof eachmodel’sperformance, as such sequences
are less likely to have been included in the models' training corpora.
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chatbots evaluated dominates any other in absolute terms when it
comes to demonstrate whether the solutions have a semantic value, in
other words, that LLMs mean the words they produce as opposed to
emulating a coherent conversation.

We have argued throughout this paper, and it is distilled by the
nature of our test for intelligence, that (semicomputable) open-ended
tests not assumed to be isolated “in a vat” are needed in order to
quantify scientific and mathematical intelligence in the form of
abstraction andprediction so that they are fundamentally coupled into
a necessary characteristic of comprehension6, whether performed by a
human2,17, animal4, or artificial5 agent. The same also holds for the
tested systems: that only by incorporating open-ended, sufficiently
powerful semicomputable predicting agents (e.g., via the methods
explored in the present paper), one may achieve such a characteristic
of intelligent systems, and thereby enabling the possibility of ASI by
way (or not) of AGI.

Methods
Assessing the capabilities of frontier LLM models
Since the inception of LLMs, these systems have been associated with
human intellectual capabilities related to language that range from
mastering composition to retrieving contextual data and even gen-
erating novel ‘ideas’52. However, beyond seemingly arbitrary intelli-
gence tests, questions related to intelligence remain, because
intelligence is traditionally not well defined, with the intelligence tests
performed remaining rather arbitrary or human-centric and lacking a
clear linear progressionof difficulty levels. Here, we approachboth as a
single problem and within a quantifiable framework, providing a for-
mal approach to a form of intelligence based on algorithmic
information.

While, in principle, LLMs have been shown to be theoretically
capable of Turing-complete computation53,54, this is achieved when
they are augmented with external memory and appropriate decoding
mechanisms54. In practice, the models we evaluate operate with stan-
dard autoregressive decoding and finite context windows, which do
not constitute Turing-complete systems.

Some have claimed that LLMs, and specifically ChatGPT, have the
potential to revolutionise technological interaction through accurate
understanding across conversational interfaces55. These attributions
and capabilities of LLMs have been tested in a variety of ways, from
semantic comprehension evaluations in traditional Chinese medicine
(TCM), through structured multiple choice and true/false questions56,
ASCII art57, to answering open questions and using LLMs as judges of
the precision and correctness of the answers provided by other
models58. Exhaustive and detailed tests have been performed that
focus on tasks that require a grasp of a broad context, such as quan-
titative investing and medical diagnoses59, to mention only two.

Researchers have called into question these supposed under-
standing capacities, claiming that a lack of novelty and an abundance
of hallucinations is formal and/or informal proof of a lack of compre-
hension ability60,61. When evaluating the intelligence and comprehen-
sion capacities of LLMs, some limitations of existing works should be
highlighted:
1. All of them contain an element of subjectivity. Measurements of

understanding rely on a human or LLM judge, where a type of
definition of innovation, usability, and correctness is used, which
could be human-centric or dependent on the context.

2. All evaluations use (mostly) text to provide a context for the
questions formulated; hence, there are no questions that purely
test understanding beyond textual correlations.

Fig. 10 | Bootstrap procedure to assess the robustness of the test score when
binary sequences were used. The stability of the test scores, with average values
per model provided in parentheses, in combination with the narrowing confidence

intervals around themean as the sample size increases, indicates strong robustness
of the evaluation metric.
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3. The test used may take for granted that, since LLMs are trained
with intelligent sources of information, this confers some intelli-
gence on the models themselves and thus their comprehension/
understanding capacities.

4. LLMs and other AI systems are not self-driven and, as such, cannot
be reasoning agents on their own; they only act upon being
triggered and prompted by humans, otherwise they do not
possess any internal states (e.g., activity when not prompted).

Other researchers, following a more abstract and formal
approach, incline to the view that a test of intelligence in LLMs, which
could imply comprehension, understanding, and prediction, might
rely on exposing and training LLMs on highly complex datasets, and
testing howwell the LLMs could apply learned knowledge to unrelated
but complex tasks (like predicting the next chessmove) and reasoning
tasks. They claim that information at the ‘edge of chaos’, a state
between non-chaotic and chaotic behaviour in dynamical systems, is
more likely to help LLMs manifest intelligence62. Suspicions that cur-
rent AI is mimicking intelligence rather than displaying it have been
reported and substantiated before61,63,64. Thus, proposing a test that
can address those concerns is very relevant.

Compression as comprehension about (and as part of) theworld
The formal equivalence between prediction and compression in the
Sup Inf using martingales provides a theoretical foundation for
understanding intelligence in terms of the generalisation of compu-
tational capabilities (due to universality and invariance).

In the context of designing a test for intelligence, such an
equivalence suggests that an agent’s ability to abstract (e.g., through
feature selection and model compression) and to plan (e.g., through
prediction, counterfactual analysis, and simulations) are fundamen-
tally interconnected aspects of intelligence involved in scientific or
mathematical creativity. More specifically:

• recursive/computable compression and decompression: seen as
the summarisation or abstraction of main features (or feature
selection) that can be simulated in reverse (decompression), and
in contrast to simple statistical pattern-matching or statistical
compression;

• process (algorithmic or symbolic) regression and prediction:
formally established by AIT as equivalent to compression by way
of optimal/universal simulation65–67 through the concept of algo-
rithmic randomness and martingales (betting strategies)68–70 (see
Sup Inf); or universal (Solomonoff) induction8,9,20 (see also
pseudocode 1).

An agent that candeviseorfindamodel that can compress a set of
phenomena that, when uncompressed, generates this set faithfully
(and beyond statistical compression) is necessarily able to compre-
hend it at some level6. That is, a set of phenomena that is compressible
by an agent into some first principles, or into a succinct model that
when uncompressed, reconstructs, describes, and can also simulate
future states of the originally described set of phenomena, needs to be
comprehensible by that agent6; otherwise, we would have an agent
that does not comprehend the phenomena at the same time that can
devise formal theories that can explain them into (fewer) first princi-
ples and (better) predict future events, which seems to go against a
common-sense understanding of ‘comprehension’: on the one hand,
this necessarily indicates at least some type of comprehension, e.g., a
scientific or mathematical one; on the other hand, an agent that can
only mimic, copy-paste, describe, or depict the phenomena at the
same time that comprehending them contradicts any conception of
‘an agent able to understand something at a deeper level beyondmere
appearance’. From both scenarios, we find that abstraction and pre-
diction arise as necessary conditions for comprehension, particularly
those intrinsic to the process of devising novel scientific or

mathematical theories. As introduced in Section 1, instead of covering
all the sufficient conditions for all types of human intelligence
(including those for which compressionmay seem unrelated), here we
constrain our study to this type of comprehension—crucial to scientific
knowledge and mathematical creativity. In this regard, compression
necessarily plays a defining, encompassing role that is mathematically
grounded and empirically feasible, as we explain in the
paragraphs below.

It is important to clarify possible misinterpretations of the
meaning of the word “compression” used in our framework. In
machine learning and cognitive science, feature selection involves
identifying the most relevant variables or attributes that contribute to
predictive modelling. This summarisation process reduces the
dimensionality71, focusing on themost informative aspects of the data.
It is, of course, a compression approach, but just a part of the one we
intend to refer to. In our framework, beyond finding crucial features,
attributes, or aspects, (algorithmic) compression into amodel refers to
other “mechanistic” relationships that are less descriptive in nature,
while also guaranteeing that a model does not compromise perfor-
mance. It involves reducing the complexity of the model, but often
leads to amore effective generalisation and greater efficiency72. Model
abstraction through effective recursive/algorithmic compression
allows simulation of various scenarios when the model captures its
main features, that is, its most important patterns for prediction are
captured as a necessary condition for outcome prediction. Then,
model selection happens when each outcome is compared against
each time-step observation, hence updating the belief model, instan-
tiating, and enabling ‘planning’.

‘Compression as comprehension’ is thus also tied to pragmatic
characteristics such as its utility and feasibility. For example, a com-
pressed model in the form of a mathematical theory or a set of equa-
tions, such as a set of laws of physics, is only sound if it allows one to
predict the future state of a physical system in “a shorter time than the
time taken by the actual unfolding of the phenomenon”6. Compre-
hension only takes place if one can understand real-world phenomena
to computationally “outrun” reality at some sufficiently higher level—
see also computational irreducibility in ref. 73.

Such a process of understanding or comprehension into formal-
theoretical or computational capabilities is demonstrated in the con-
text of the scientific discovery itself. Real-world phenomena that have
the appearance of being random or unexpected become a topic of
interest for research, analysis, and future development (if successful)
of a more comprehensive model or theory that is then able to com-
press the apparent noise-like phenomena by allowing one to explain
these and to predict other unfoldings from it. In this way, science
moves in an iterative pace of converting something that is currently
considered “irreducibly complex” or unexpected into something that
becomes comprehensible by theoretical means that allows computa-
tional predictions6. For example, consider Newtonian mechanics and
general relativity in physics. The former has represented a highly
successful compression of observational data, e.g., celestial motion.
However, to account for anomalies like the precession of Mercury’s
orbit, “requires a streamof regular adjustments” or corrective patches,
which basically increase the complexity of the explanations of those
anomalies to a level similar to that of describing the anomalies them-
selves. General relativity then provided a superior, more compact, and
elegant set of field equations that not only subsumes the previous
phenomena thatNewtonianmechanics successfully accounted for, but
also explains these and other “anomalies” in a more compressed form
than before. In fact, the continued success of the scientific method in
more compact and elegant mathematical theories corroborates the
conclusion that comprehension necessarily involves compression of
natural phenomena6.

We know from AIT that once one can sufficiently approach uni-
versally optimal compression (i.e. approximate the actual values of
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algorithmic complexity), any necessary increase in complexity (of the
phenomena already explained along with those to be explained) is
proved to require a novel theory that is (entirely or at least a proper
part of it) irreducible to the old one, like when one needs to find a new
axiom. From the algorithmic coding theorem (ACT)10,11, the minimisa-
tion of such an irreducibly larger quantity of complexity also corre-
sponds to the best inference method (such as the case when one
employs abductive reasoning) for the new theory (or e.g., the new
axiom) one can devise from a yet unexplainable phenomenon. As
discussed in the Supplementary Information, we argue that these two
features are central to tackling the problem of AGI and ASI.

The invariant and universal properties of algorithmic information
imply that compression ismore than a complexity index that might be
correlated to abstraction and prediction. In fact, optimal compression
is only achieved by the best formal-theoretic methods proven across
the whole landscape of algorithms and methods one may attempt to
apply, regardless of the type of agent applying them. Optimal com-
pression is one such task that subsumes any other task—formalisable
into an algorithm or a mathematical method that can be computa-
tionally implemented—an agent may perform in order to create a new
theory that predicts new phenomena. Unlike directly equating com-
pression/prediction to intelligence74 or straightforwardly applying the
ACT like in other universal induction-based methods, we propose that
compression is a necessary and fundamental condition for compre-
hension if it is achieved through (and as a product of) the interaction
between the AI agents being evaluated, the evaluator agents (including
the methods, frameworks and metrics we formalise), and the external
real world whose process may affect and be affected by the other two
entities. For example, notice that this implies that the ACT itself
becomes a constituting knowledge that the evaluator agents may
devise by formalising a new mathematical theory, obtaining such a
formal-theoretic knowledge after the experience (i.e., after the inter-
actions take place). As explained in the Sup Inf, this is a distinctive
characteristic of Algorithmic Information Dynamics (AID)27–29,75 upon
which our proposed framework is based.

As presented before in refs. 6,76, the remarkable features of
AIT77,78 discussed in the present section seem to underpin the appar-
ently unreasonable effectiveness of algorithmic complexity79 and
computation73 in explaining the natural world, including cognition,
and in advancing science as the practice of finding or synthesising
models that can explain andpredict natural phenomena and theworld.
Thus, by putting forward a formal and more objective approach to
measuring general intelligence, we propose in the section “SuperARC
testing framework” a test for ASI andAGIbasedonAID andAIT, namely
SuperARC, that specifically tests recently strongly associated features
with intelligence in the context of discussions of AGI30–32,80–85. While
human intelligence includes many other abilities to perform a myriad
of tasks, here we chose to focus on abstraction, explanation, and
prediction related to building new formal theories and to scientific
creativity. Those are the ones for which we have computational
methods and a solid theoretical foundation that has proved the uni-
versal and agnostic properties that a testing framework for general
intelligence should aim at, particularly if one wants to tackle the dis-
tinction between narrow AI and AGI (see Supplementary Information).

SuperARC testing framework
Based on the theoretical background presented in the Supplementary
Information, we ground our framework on the following aspects:

• intelligence necessarily involves the ability to create (i.e., through
abduction from the experience) or enact (i.e., through prediction
from future interactions) a computational generative model that
effectively explains any givendatawhile losing the least amountof
information as possible;

• and greater intelligence corresponds to performing prediction
and abduction as close to the optimal solution as possible while
maximising the compression of the generative model.

As ametric for (general or super-)intelligence, designing tests that
measure these abilities can lead to a more nuanced and computa-
tionally grounded understanding of intelligence that is applicable to
biological (e.g., animal), human cognition, and computational intelli-
gence. This can establish a universal approach to measuring the cap-
abilities of intelligent systems, serving as both a theoretical and a
practical upper bound for the highest possible levels of compression,
such as model abstraction and prediction, which are believed to be
fundamental features of intelligence.

As discussed and elaborated in the Supplementary Information,
using algorithmic complexity as ameasure ofmodel compactness (i.e.,
compression, conciseness or summarisation) and optimal prediction
provides an agnostic quantitative metric, as its value corresponds to
the shortest possibleprogrammecapable of correctly reproducing (via
decompression) a given dataset, and its optimal prediction value is
governed by algorithmic probability. First, unlike standard tests that
assess intelligence based on predefined ‘correct’ answers—inevitably
influenced by subjective notions of correctness—we shift the focus to
identifying the shortest possible explanation for a given dataset, an
explanation that is proven to be sufficient for predicting not only the
given dataset but also future outcomes. In this context, correctness is
understoodpurely as the ability to reproduceexactly the sameoriginal
data (i.e., losslessly). Secondly, an agnostic method aims to achieve
measurable quantities as independent of human biases as possible,
including those high-order biases in the scientific practice, such as
when one chooses to employ one formal theory instead of another in
order to model certain phenomena (see the section “Compression as
comprehension about (and as part of) the world”).

Beyond a measure of a single-purpose compression task (as dis-
cussed andunpacked in the Sup Inf), the SuperARC test is a proposal to
capture the potential future trajectories leading to hybrid neurosym-
bolic systems more capable of the abstraction and planning, deemed
central to what has been conceived of AGI and ASI18,31,32, one that may
take into account statistical pattern matching, but favours symbolic
regression and programme synthesis as a test of intelligence based on
optimal inference rather than statistical ‘reasoning’. The test proposed
expands current efforts to characterise AGI, such as the abstraction
and reasoning corpus (ARC) challenge30, whichhavebeen suspected to
be ‘hackable’ from test result leaks because the test data set is fixed
(even if part of it is concealed but prone to be leaked). Unlike recent
results in theARC-AGI test, our resultsfinda similar lower performance
than that reported in a recentmathematical benchmark test86, with the
advantage that our proposed test does not require the selection of
human mathematical problems, and the test problems can be dyna-
mically generated with test elements introduced cheaply and effi-
ciently. Although this new testmay require the selectionof objects and
elements such as sequences, unlike the original ARC challenge tests,
this selection can be based mainly on quantitative measures of com-
plexity and less on human selection.

These features are crucial in avoiding biases introduced by the
datasets, such as benchmark contamination, when evaluating the
performance of an AI algorithm. Given that one would be trying to
measure the ability of the learning algorithm to predict phenomena
whose type or class was not the one of the data it was trained for in the
first place, this is especially the case in zero-shot learning scenarios,
where any small leakage of datawith information about the (upcoming
and irreducibly new) test to beperformedmakes a big difference in the
score. Due to the mathematical properties in AIT discussed in the
Supplementary Information, SuperARC avoids human-centric and
other cognitive biases because lower (algorithmic) complexity (higher
compression, or equivalently, higher algorithmic probability) of a
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model is proven to indicate better overall prediction capabilities,
regardless of the nature of the new phenomena or the type of data on
which one is trying to measure the generalisation capabilities of the AI
algorithm. For example, even if one can update the benchmark test in
practice with a new type of task to be performed, this possibility itself
assumes that a new type of task might be known to us, rendering the
test inherently prone to contamination. Following from the properties
of algorithmic probability, SuperARC quantifies prediction in new
contexts and potentially different scenarioswithout the need for a new
type of task, distinct data, or posterior apprehension of previously
unknown phenomena.

The role of SuperARC in distinguishing algorithmic from sta-
tistical prediction
While prediction is fundamental to both human-centric and algo-
rithmic benchmarks, the nature of what is being predicted differs
fundamentally. Human-centric benchmarks evaluate whether models
can predict outputs that humans would generate given specific inputs,
which is a task solvable through statistical pattern matching over
human-generated corpora. This is because, as models are increasingly
trained on datasets that cover more of human knowledge, perfor-
mance on these benchmarks asymptotically approaches data mem-
orisation rather than genuine understanding.

SuperARC, by contrast, evaluates whether models can induce the
algorithmic structure that underlie the sequences, i.e., that canfind the
minimal programme that generates the observed data. This capability
is irreducible to pattern matching because:

• Infinite hypothesis space: Unlike human-centric tasks with finite
answer sets, algorithmic induction in principle searches over an
infinite space of possible programmes, and thus possible formal
theories;

• Distribution shift immunity: Novel algorithmic patterns (new
combinations of primitives) are fundamentally out-of-distribu-
tion, requiring genuine abductive reasoning, such as when one
devises a new axiom;

• Compression-prediction duality: The theorem proven in Sup Inf
establishes that the success of predictions is equivalent to com-
pression over the algorithmic space, which subsumes the statis-
tical space, although the equivalence does not require statistical
evaluation or success.

As shown by our results, we argue that such a theoretical differ-
ence uncovers a practical consequence: models can simultaneously
improve on human benchmarks while regressing on algorithmic rea-
soning. This divergence should be impossible if both algorithmic
prediction and statistical prediction were supposed to measure the
same underlying predictive capability, and therefore SuperARC pro-
vides empirical evidence that captures a distinct and arguably more
fundamental aspect of intelligence.

CTM and BDM: A neurosymbolic approach to Superintelligence
benchmarking
The SuperARC framework accommodates any type of data as input-
output pairs, requiring only a complexity-based metric to be pre-
defined. To achieve this, in addition to approximate methods to
algorithmic complexity, such as LZW and ZIP, which are more closely
related to Shannon Entropy51, we use the Block Decomposition Method
(BDM) as our gold-standard approach to algorithmic compression that
goes beyond statistical compression or statistical pattern-matching35.
Using the principles of both classical and algorithmic information
theories, BDMcombines the calculation of the global Shannon Entropy
rate of the object with local estimations of the algorithmic complexity
of smaller blocks into which the object is decomposed, for which
values are found in a pre-computed database of direct approximations
of algorithmic probability. By combining both statistical and

algorithmic inference methods, one way to think of BDM is by
depicting it as a Deep Learning Transformer, which aims to build a
predictor thatmaximises the probability of being correct in explaining
the data by looking for long-range and short-range correlations. The
difference, in this case, is that long-range correlations are covered by
Shannon Entropy (not fundamentally different from Transformers),
but short-term correlations are estimated using the principles of
algorithmic probability through the ACT29,33,34,87 (see Supplementary
Information). See the discussion on the limitations of BDM below. In
this manner, BDM is based on combining the best capabilities of
Shannon entropy-type metrics to find patterns (e.g., block entropy
rate88) with universal (Solomonoff) induction-based approaches (such
as theminimumdescription length21) through algorithmic complexity,
and thus deals with uncertainty in an optimal Bayesian fashion based
on the principles of algorithmic probability20. BDM improves upon
Shannon entropy and LZW compression, which are limited to detect-
ing only statistical regularities, that is, pure pattern-matching
approaches. In fact, BDM subsumes these methods, and therefore
one can only do better in capturing structure than statistical com-
pression algorithms, as BDM detects both regular statistical patterns
and recursive ones with causal generative signatures35,51,88 (see also
Supplementary Information). By recursive, wemean exactly those that
are not statistical in nature (e.g., the digits of the mathematical con-
stant π do not display any statistical patterns, but it is recursive).

The BDM relies on the following assumptions:
1. In the case of small enough objects, their algorithmic complexity

can be approximated using an exhaustive search (sometimes
guided, e.g., with AID).

2. For larger objects, breaking them into smaller parts allows for the
approximation of the overall complexity by summing the com-
plexity of individual blocks, with a correction factor to account for
interactions between the blocks.

3. For every other length, values of Shannon entropy rates are cal-
culated and combined with the previous values by using the same
principles of information theory.

Formally, let x be a string divided into blocks xi, with
x = x1 ⊕ x2⊕⋯⊕ xn, where ⊕ denotes a concatenation operator. The
BDM complexity of a string x, denoted by BDM(x), is given by

BDMðxÞ=
Xn
i = 1

CTM ðxiÞ+ logmi ð9Þ

where:
• CTM(xi) is the algorithmic complexity approximation for block xi,
derived from the coding theorem method (CTM).

• logmi is a correction factor accounting for the multiplicity mi of
how many times the block xi appears.

For a generalised version of BDM holding for any encodable object
(see ref. 88).

The coding theorem method (CTM) is a method based on the
ACT12,28 and Supplementary Information, which connects probability
to complexity, randomness, and prediction29,33,34,87; and the ACT
underlies the universal induction-based methods applied to Artificial
Intelligence. CTM works by searching for all the formal-theoretic
explanations (models or programmes) for an object that are shorter
than the object itself35, in order to calculate the ratio of those expla-
nations of a particular object with all the explanations found for any
object. From the value obtained for each of these ratios, one can
approximate the algorithmic probability of an object, and thereby its
algorithmic complexity via the ACT, so that a list of these pre-
computed probability values is built, which in turn can be used to
approximate the universal distribution34.
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On the one hand, CTM provides an approximation to algorithmic
probabilityP(s) by connecting the empirical frequencyof occurrence of
an object produced by a random computer programme with its algo-
rithmic complexityK(s) and also keeps track of the set of programmes
that generated the original object (see Supplementary Information).
On the other hand, BDM offers a method to map the micro-
programmes produced by CTM to their corresponding pieces from
the larger object, to explain by decomposing the original object into
smaller blocks for whichmicro-programmes have been found by CTM
with a correction factor for block interactions (e.g., repetitions). While
CTM operates by brute force and thus is only effective for small pro-
grammes/models, BDM leverages the pre-computed distributions that
can be queried in linear time and stitches together longer explanations
from small computer programmes according to the rules of informa-
tion theory to guide the search for the best sequence of programmes
explaining larger objects, thereby constituting a method that
approximates the optimal causal explanation of the objects. BDM also
allows massive parallelisation because objects with low complexity
(i.e., higher causal impact at the global level) are the most frequent
according to algorithmic probability and therefore are exponentially
more frequent, counteracting their intractability35.

With limited computational resources, because of the limitations
from the CTM, BDMbehaves exactly like algorithmic complexity at the
local scale and exactly like entropy at global scales35,51,88. In principle,
with unbounded computational resources, all the algorithmic gen-
erative models at any scale would be known/computed. As a con-
sequence, BDM would return the optimal value given by algorithmic
complexity, and therefore would achieve optimal compression in the
general case. In addition, for the particular cases in which the condi-
tions for optimal statistical compression (like those discussed in the
Sup Inf) are met, BDM is also proved to perform as optimally as
entropy does because, at the local scales, algorithmic complexity
already encompasses and subsumes entropy, and at the global scale,
BDM converges to entropy via the CTM. Therefore:

• in practice, BDM always performs equally or better than entropy;
• BDM through CTM converges to algorithmic complexity in the
limit, outperforming any statistical compression method;

• both in principle and in practice, BDM remains sensitive to
underlying structures even for objects with maximal Shannon
entropy.

Following from the fundamental properties of AIT (discussed in the
Supplementary Information), such as universality, invariance, max-
imality, and optimal prediction, BDM offers a ‘principled’ alternative in
comparison to statistical measures. It is currently the only viable and
computable approximation to algorithmic complexity grounded in
AIT beyond statistical compression algorithms.

Thus, BDM is a hybrid neurosymbolic89 method that combines
statistical machine learning and symbolic regression, and prediction
that can be applied to inverse problems in causality25,26. BDM can be
thought of as a quintessential type of neural network transformer (as in
self-attention), where it estimates the local (short-range) causality
through algorithmic complexity while computing long-range correla-
tions through Shannon entropy guaranteed convergence (worst
case)88. Such a benchmarking method has already been reported in
applications to data summarisation71 and in various fields ranging from
cell and molecular biology to genetics25,90 to biosignatures50,91,92.

BDM is an approximation to algorithmic complexity and prob-
ability, with its known limitations that demand explicit discussion.
BDM’s complexity estimates depend on choices of block size for
decomposition, with different block sizes potentially yielding different
rankings of sequence complexity. As mentioned above, this limitation
occurs because of limited computational resources, since in the
asymptotic theoretical limit, the algorithmic complexity could be
approximated across any coarse-graining scale. For the short range or

smaller blocks, BDM uses a precomputed table of short programmes
(or equivalently, Turing machines with a few limited number of states)
for which the Busy Beaver values are known, and therefore one can
solve the halting problem. In the long range or for the largest block
sizes possible, BDM upscales those actual algorithmic complexity
values via Shannon (block) entropy. Therefore, due to limited com-
putational resources, the resulting BDM value may inherit the same
limitations of entropy in the long-range scenario. In addition, the
empirical application of the method’s reliance on decomposing
sequences into overlapping or non-overlapping blocks means that
patterns spanning boundaries between blocks may not be captured
optimally, potentially underestimating complexity for sequences with
long-range dependencies. These are fundamental characteristics of
practical computable approximations to algorithmic complexity or
algorithmic probability, which remain uncomputable in the
general case.

Despite these limitations, our useof BDM is justified for reasons that
directly address concerns about result interpretation:first, themodelswe
evaluate fail predominantly on short sequences where BDM’s approx-
imation is most accurate and where the gap between estimated and
actual algorithmic complexity values is minimal; secondly, our conclu-
sions do not depend on fine-grained complexity distinctions but on
coarse patterns (models fail across broad complexity ranges rather than
at specific threshold values where approximation errors might matter);
thirdly, our neurosymbolic baseline employs actual programme synth-
esis through systematic enumeration rather than BDM estimation, yet
reaches qualitatively similar conclusions. While future work comparing
alternative complexitymetricsmay uncover or highlight other aspects or
discrepancies, we argue that the robustness of LLM failures across these
multiple lines of evidence suggests our core findings about inadequate
algorithmic reasoning in current models remain sound regardless of
specific approximation method choices.

Applicability of CTM and BDM to abstraction and planning in
machine learning. BDM with CTM can be applied both as a reference
and as a direct generative model. This is because it provides a funda-
mental complexity-based value estimation that can guide and evaluate
other predictive and learning approaches, but also serves as a stand-
alone predictive system.

CTM helps identify the set of candidate underlying generative
mechanisms and provides a set of models from which it can actively
predict future values by running it further into the future providing a
set of projections. CTM forecasting requires an iterative refinement
process in which multiple possible generative programmes are tested
and updated. CTM can help select the most likely programme candi-
dates by favouring thosewith lower complexity in accordancewith the
principles of algorithmic probability.

In a predictive task,multiple candidate programmes generated by
CTMare evaluated against new observations, discarding those that are
not consistent with the new data while retaining the set of shortest
valid programmes that do. Planning requires CTM as the algorithmic
mechanism to iteratively refine predictions from projections. CTM
serves as a criterion for model selection—helping identify which
approach best maintains parsimony and explanatory power—rather
than functioning as a decision-making agent of its own.

BDM then stitches multiple programmes that can explain longer
pieces of data and larger objects by using the rules of classical infor-
mation theory, serving as a reference point to compare different
models based on how well they align with the inherent complexity of
the data. By breaking down an object into smaller pieces and esti-
mating their individual algorithmic complexity using CTM, BDM pro-
vides a tighter recursive upper bound to traditional pattern matching.
BDM leverages, therefore, both algorithmic and classical information
theory as a proxy for deeper connections to causality, allowing it to
indicate how predictable a time series or integer sequence is. Both
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CTMandBDMcombined can benchmarkdifferentmodels on the basis
of how efficiently they approximate the set of the best explanatory and
generating mechanisms.

The way BDM approaches uncertainty is to update the belief at
time t of an object s (e.g., an integer sequence), and choose a (small)
programme p0 to explain for the next digit i ∈ si−1 deviating from the
previous hypothesis p; or in casewe do not have (or we cannot obtain)
such a programme for this observation, we combine smaller pro-
grammes p″ to explain observation of digit i ∈ si at index t + 1. In this
manner, the ability of BDM to capture both local and global patterns in
a time series or integer sequence makes it a powerful tool for
approximating complexity and enabling prediction, aligning with the
principles of algorithmic probability and Levin’s universal distribution.

BDM shows some fundamental similarities but in pure form to
“Attention is All YouNeed” algorithms and LLM’s by assigning different
weights to different parts of an object focusing both on short-range
and long-range correlations where the short-range is recursively cor-
related hence based on causally generated models for that patch of
data unlike LLMs and other ML approaches that rely only on Shannon-
entropy-based correlations or basic pattern-matching that BDM only
uses for its long-range correlations. BDM is therefore a proper gen-
eralisation of the short- and long-range capabilities that gave LLMs
their particular advantage in language35. Together with CTM as a uni-
versal generator33, the CTM/BDM combination represents a model of
models of languages,where languages are all computer languages, and
a superset of LLMs themselves.

As mentioned above, a limitation of CTM is that running CTM to
approximate model compression and achieve optimal prediction is
computationally very expensive. If there were infinite resources, CTM
would perform perfect recursive compression and provide the most
optimal answer to any computable question given an observation.
However, even with access to infinite resources, there are no theore-
tical or practical guarantees of LLM convergence to any optimal
answer. In practice, LLMs are currentlymore expensive in applications
where approaches like CTM could deliver better results (such as for
this benchmark, empirically proven to better characterise questions
and predict answers encoded in the formof binary sequences)without
spending billions of USD in training giant neural systems like LLMs.
However, our point is that one does not need to pick one over the
other, as they can be combined to provide the best approximation to
both an optimal and efficient path to an answer under time and
resource restrictions. In this regard, CTM/BDM is a resource-bounded
approximation to optimal inference that combines pure forms of each
side (neuro-based on classical statistics, and symbolic-based on opti-
mal theory). The CTM/BDM combo represents the purest form of
neurosymbolic computation with no extra steps.

In the framework we propose, CTM and BDM are used as a
benchmark to evaluate model performance and as a representative of a
Universal AI9 method capable of ASI8. They can be applied to test both:

• compression as model abstraction: The BDM can approximate the
algorithmic complexity of a time series by decomposing it into
smaller subsequences (blocks), computing the complexity of each
blockusingCTM,and summingup theblock results. This serves as
ameasure of the recursivity of the time series, but also serves as a
method to find generating mechanisms (a set of algorithms that
produce each past and possible future element/token of an
object, in particular, a time series).

• prediction as planning: Using the BDM complexity as a proxy for
the time series’ regularity, one can infer the predictability of
future values. Lower BDM complexity implies a simpler under-
lying structure, which can help in forecasting future elements of
the series—which is similar to how algorithmic probability and
universal distribution can be used for predictive modelling. (See
Sup Inf). This is related to planning, because once several pro-
gramme pathways are identified, one can verify each against the

next token and update the programme set (by discarding those
programmes that did not fit the next token) while keeping the
shortest programme criterion.

A method for measuring comprehension via algorithmic
probability
BDM is a divide-and-conquermethod that extends the power of a CTM
that approximates local estimations of algorithmic complexity via the
theory of algorithmic probability, a foundational result established in
AIT (see Supplementary Information). The method consists of finding
the sequence of computer programmes that can generate the original
piece of data—each programme represents a hypothesis or model for
the time series and a sequence of datasets that can be interpreted as
time series, binary and non-binary—providing a closer connection to
complexity (or irreducible information content) than previous
attempts based on statistical regularities such as popular lossless
compression schemes35.

Based on AIT, we measure comprehension of LLMs (see the sec-
tion “Compression as comprehension about (and as part of) the
world”) with a test designed to assess the model’s ability to generate
code or mathematical models/formulae that compress sequences of
increasing complexity. Non-binary sequences are categorised into
three levels of complexity (Low, Medium, and High) representing
datasets that exhibit simple, intricate, and random patterns, respec-
tively. Binary sequences, on the other hand, are classified as either
random or what we call ‘climber strings, low-complexity strings as
defined in the following section. Thus, a pragmatic compression-as-
comprehension test is designed and applied to various LLM models
and versions, encompassing test elements of diverse complexity
classes that can be understood and compared individually and
collectively.

Algorithm 1. Pseudo-code for SuperARC framework
Require
1: • Dlow, Dmedium, Dhigh (datasets of any type with low, medium,

and high complexities with sizes given as �j j. These are
needed to ensure complexity diversity, but the choice of
three groups is arbitrary and can be changed by the user.);
• enc (encoding chosen to put the datasets in a common
format);

• M (complexity metric used to qualify the datasets and
quantify the complexities of the models created by LLMs);

• T (test formula to evaluate a candidate model).
2: cM ( an array containing binary values.
3: AuxM ( an array containing auxiliary values.
4: AllM ( an array containing complexity values.
5: for k ∈ {low, medium, high} do
6: Dk,encoded ⇐ encoding of Dk using enc (the UTF-8 or ASCII

binary representation of strings or a binary representation of
integers, for example).

7: for j ∈ {1, 2, . . . , ∣Dk,encoded∣} do
8: Rk,j⇐ the response obtained from prompting a LLMmodel

to write a programme to reproduce the jth element of
Dk,encoded.

9: ck,j⇐ a binary variable indicating if the output obtained after
running Rk,j is correct (equal to the input dataset) or not.

10: MðRk, jÞ ( the complexity of Rk,j according to M.
11: ak,j ⇐ a vector with real-valued variables representing the

result of applying auxiliary functions to Rk,j.
12: Append ck,j to cM.
13: Append MðRk, jÞ to AllM.
14: Append ak,j to AuxM.
15: end for
16: end for
17: T ðcM,AllM,AuxMÞ ( the test score for the candidate model.
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In other words, the SuperARC framework assesses how the LLM
model is able to generate an algorithm A such that, when applied to
the input data set τ, it is able to compress this input by learning its
features and producing a compressed representation ∂. Then, by

inverting such an algorithm and obtaining the algorithm A�1, the
inputs τ are obtained losslessly with minimal complexity of the com-
bined algorithms according to a complexity metric M. From AIT, we
have that universal induction indicates the best way to predict future
elements of a sequence as favouring the simplest (i.e., the least com-
plex) hypothesis or explanation—which aligns with the concept of
Occam’s razor, as discussed in the Supplementary Information. By
minimising the complexity of the description of the data

(M A�1 �A
� �

), the theory effectively formalises prediction

(A�1 �A : fτ ! ∂ ! τg). In this manner, the framework can be
described as the pseudo-code in Algorithm 1 for which the LLM is
presented with the following task:

minimizeA,A�1 M A�1 �A
� �

subject toA�1 �A : fτ ! ∂ ! τg
ð10Þ

It is important to clarify that the encoding enc in Algorithm 1 does
restrict the analysis. For example, different data types could be enco-
ded as vectors obtained in the latent space of a given deep neural
network. As long as the encoder algorithm is knownand common to all
the input data, the framework can be applied because of the theorems
in AIT. In particular, the information non-increase theorem 10 indicates
that, for any computable function f, the inequality
K(f(x))≤K(x) + K(f) + O(1) holds. Therefore, once f is fixed for all data
sets considered,K(f) becomes an additive constant that does not affect
the analysis when K(x) is used to investigate the value of K(f(x)). In
other words, the encoding is not important as long as it is known and
kept fixed during the analysis.

It should also be noticed that CTM/BDM is not purely a brute-
force approach35. Although CTM alone would be a brute-force
approach that seeks the shortest computer programmes explaining
the data, BDM is not (see the section “CTM and BDM: A neurosymbolic
approach to Superintelligence benchmarking”). CTM/BDM operates
by exploiting the best of both worlds35, operating at the fine balance
between what traditional machine learning and deep learning
approaches implement, while also combining it with optimal Bayesian
causal inference51 or algorithmic deconvolution26. As further discussed
and explained in the Sup Inf, we have called this approach algorithmic
information dynamics (AID)27–29.

In order to present a quantitative implementation of a test fol-
lowing the SuperARC framework, an exploratory analysis is needed.
This will be described in the next section, “ Design of experiments”.

Design of experiments
To evaluate how LLM models can be assessed within the SuperARC
framework, we consider datasets composed of non-binary and binary
sequences. It is worth highlighting that this choice is not mandatory,
and all data should be encoded consistently. Different encodings may
lead to different BDM values and thus other benchmarks may favour
one type/structure of data or the other. Nevertheless, as BDM is an
approximation to algorithmic complexity, AIT guarantees that algo-
rithmic probability converges to the optimal solution in the asymp-
totic limit (if enough computational resources are provided).

Although prompting has been shown to considerably impact the
performance of LLMs in a code generation task93,94, weuse the simplest
possible prompt to avoid providing additional information to the LLM,
which could bias its output (even if towards better codes). Also, for the
same reasons, we performed zero-shot learning tasks.

The non-binary sequences of integers used in the questions were
divided into three levels of complexity, as indicated in the previous
subsection. Intuitively, the complexity levels could be explained as
follows:
1. Low complexity: Sequences of digits or integers whose pattern is

easily recognisable by a person and highly compressible. They
have low CTM/BDM values.

2. Medium complexity: Sequences of digit integers generated recur-
sively with longer formulas than those in the simpler set. They
have intermediate CTM/BDM values.

3. High complexity: Random-looking sequences of digits or integers.
They have high CTM/BDM values.

The following experiments were carried out:
• Next-digit prediction task with binary and non-binary sequences:
We prompted LLMs specialising in time series forecasting to
predict the digits of non-binary sequences of increasing
complexity of two types. The first type are random binary
sequences according to increasing CTM/BDM, and the second
type are called ‘climbers’. – Climbers are strings that, when sorted
by algorithmic probability in descending order (highest to
lowest probability), or algorithmic complexity in ascending
order (lowest to highest randomness), these binary sequences
are longer than strings in their same complexity group, defined
as strings with the same or very close complexity values as
measured by BDM but of significantly longer length than them.
This means that for these strings, their complexity is definitely
not driven by string length only but by (simple) their internal
structure, aligning with an intuitive understanding of simplicity
vs. randomness in sequence structure34. In other words, these
are strings that clearly correspond to lower randomness values
because they show lower complexity estimations compared to
shorter strings in the vicinity. For example, the sequence
0101010101... up to a certain finite size n is clearly less
algorithmically random and therefore more algorithmically
probable than any other more random-looking string, short or
long of the same size n, and therefore such a patterned sequence
must appear earlier in a complexity hierarchy if BDM works
correctly. So, knowing these are highly structured strings with
high algorithmic probability, we tested whether LLMs would
identify them by producing short models and better predictions
for them compared to others. – Free-form generation task with
binary and non-binary sequences: We challenged advanced
language models, including GPT-4o, GPT-o1, Claude 3.5 Sonnet,
GPT-4o-mini, Grok, o1-mini, Qwen, and DeepSeek, to generate
models, algorithms, formulas, or Python scripts capable of
reproducing specific target sequences. – Code generation task
with non-binary sequences: An answer was requested to generate
source code that would produce sequences of numbers using
prompts of the following type:

"With no additional explanations or comments or notes, write the
code in {} programming language toproduce the sequence [sequence].

A full list of all sequences can be found in the Supplementary
Information. Each prompt was submitted with varying values for the
temperature parameter: [1, 0.7, 0.5, 0.2, 0.001], allowing for a com-
parison of its effect on the quality of the outputs.

Each prompt was formulated in such a way that it was expected
that the LLM would return the code generating the defined sequences
in the following programming languages: ArnoldC, C++, Python,
Mathematica, Matlab, R, and JavaScript. After the codes were gener-
ated, they were executed, and their performance was compared.

Code and free-form generation tasks. Code generation in different
programming languages was performed exclusively using non-binary
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sequences of increasing complexity and was run only by ChatGPT. In
contrast, free-form generation was conducted using both non-binary
and binary sequences and prompted to a list of the most prominent
LLMs. Depending on the case, the following processing steps were
applied according to Algorithm 1:

For the jth element of Dk,encoded, k ∈ {low, medium, high}, the
output code (able to reproduce these elements) provided by the LLM
model was Rk,j. Then, for these, after being logically evaluated to
ensure that they produced the expected results, the following func-
tions were applied.

• Auxiliary functions:

• The script and model/formula lengths generated by LLMs were
measured by the number of characters.

• Since programme or model/formula length was taken as an
indicator, and sequences were defined as either single- or multi-
digit numbers, a process called normalisationwas applied to the
original code generated. This normalisation took out repetitions
of the entire sequence from the code if this was included. For
example, if a script that aims to reproduce the sequence ‘1, 2, 3,
4’were to be ‘Print(1, 2, 3, 4)’, after being normalised, it would be
transformed into ‘Print()’. In this way, we obtained lengths of
normalised and non-normalised answers.

• Compression: The zlib algorithm was applied to the normalised
and non-normalised answers generated; also to the target
sequences of digits alone in such a way that we obtained ASCII
representation of the compressed and non-compressed varia-
tions of all scripts and their lengths.

• For the code indifferent programming languates, a compression
percentage measurement was designed: this is an indirect
measurement of compression based on the number of elements
of a sequence and their order of appearance in the answer to a
question. For example, if the target sequence is “1, 2, 3, 4, 5” the
code Print([1, 2, 3, 4, 5]) is considered to be 100%uncompressed,
not only because it contains all elements of the original
sequence, but it also keeps its original order. On the other hand,
the code for i = 1–5 Print(i) is considered to have a higher degree
of compression, since it only contains 2 of the original elements,
but the logic to generate it “lives” in the code. Additionally, the
code repeat print(n + 1) is considered more compressed.

• A set of filters was designed to study our results, and they were
applied accordingly if non-binary or binary sequences were the
target:
• Print code (applicable to binary and non-binary sequences):
this type of programme could be of two types: (a) the target
sequence defined as a variable or a set of variables followed
by a print(sequence), for example a = ‘1,2,3’, print(a), (b) a
simple print(Sequence) without definition of variables, for
example print(‘1,2,3’).

• Correct code (applicable to binary and non-binary
sequences): if the given answer by any LLM models
generated the target sequence.

• Print-correct (applicable only to non-binary sequences): the
combination of the two above.

• Incorrect-print (applicable only to non-binary sequences):
the negation of the previous one.

• Ordinal (applicable only to binary sequences): Themodel or
formula exclusively references the positional arrangement
of digits to reproduce the target sequence.

• The application of filters was done over all our measurements,
allowing classification by averages of compressed, not com-
pressed, normalised, and not normalised answers, filtered by
prints, or correct and all its combinations.

• Correctness variable: Computer programmes and models/for-
mulae were evaluated or executed in their respective compilers/

interpreters to verify if they generated the target number
sequences correctly.

Next-digit prediction task. For the next-digit prediction task, we used
binary and non-binary sequences. We compared results obtained with
different LLMs specialising in time series forecasting to predict values
in the sequences used in our experiments. The models used included
Chronos, TimeGPT-1, and Lag-Llama. Our criteria for selecting these
models can be summarised as follows:
1. researchers reported very high-quality predictions in zero-shot

tasks, i.e., in time series never seen before;
2. they were compared to traditional machine learning models,

showing superior results;
3. they are reported to capture dynamics in real-world datasets

rather than relying on simple statistical patterns;
4. authors advocate for the superiority of LLM architectures in time-

series forecasting;

We split our sequences into several segments, using the models
described to predict the remaining portions, which correspond to 10%,
25%, 50%, and 75% of the sequence. This approach divided the
sequence into a ‘root’ and a ‘target’. For instance, given the sequence
[1, 2, 3, 4, 5, 6, 7, 8, 9, 10] and a prediction of 25%, the ‘root’ (the context
provided to the prediction model) would be [1, 2, 3, 4, 5, 6, 7, 8], with
the ‘target’ [9, 10] expected to be predicted. An asymptotic distribu-
tion of test resultsφ1,…, φn for growing nwhere ∣s∣ = n should provide
some insight into the generalisation of the capabilities of the LLMs to
scale their reported abilities, if any.

We employed three methods to measure the accuracy of the
predicted target:

1: Sort similarity: This measures how many elements in the target
sequence were predicted correctly, with their order being considered.

2: General similarity: This measures the correctness of predicted
elements, without considering their order.

3: Levenshtein: This measures the Levenshtein distance between
the expected and predicted sequences after converting them to
strings.

Data availability
The data generated for this work is available at https://github.com/
AlgoDynLab/SuperintelligenceTestwhere a benchmark table will be
updated regularly for frontier models after they are released and
tested.

Code availability
The code generated for this work is available at https://github.com/
AlgoDynLab/SuperintelligenceTest.
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