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Abstract

We introduce the Algorithmic Inference Benchmark
(AIB), a framework designed to distinguish whether le-
arning systems capture the generative mechanisms un-
derlying data or merely fit statistical regularities. AIB
constructs synthetic datasets using known rules, al-
lowing independent control over algorithmic and sta-
tistical difficulty. By manipulating the generative rule
and sampling process, AIB enables controlled experi-
ments that reveal whether models rely on algorithmic
abduction or statistical prediction. This conceptual
work outlines the design principles of AIB and motiva-
tes its use for developing learning systems with stronger
algorithmic priors.

Keywords — Algorithmic Information Theory, Algo-
rithmic Information Dynamics, Shannon Entropy, Ma-
chine Learning.

1. Introduction

A fundamental question in machine learning is whether
models capture the generative mechanisms underly-
ing data or merely approximate its statistical regular-
ities. Consider a simple physical experiment in which
a metal sphere is released from different heights on a
ramp and its speed at the bottom is recorded. A model
trained to predict the sphere’s speed from its release
height may simply interpolate the observed data, esti-
mating the conditional distribution of outputs given
inputs. Alternatively, it may internalize the physi-
cal law, such as conservation of mechanical energy or
the equations of motion that govern the system. The
interpolation-based approach remains tied to the ob-
served distribution, while the mechanistic one general-

izes beyond the samples by recovering the process that
generates them. This example illustrates that learning
from data involves not only predicting outcomes but
also modeling the processes that generate them.

This perspective frames learning as an inverse
problem [1, 2], where the goal is to infer a hidden
generative process from the observations it produces.
Supervised learning fits into this setting [3]: given in-
put–output pairs, the learning system aims to model
the rule that maps inputs to labels. However, it is es-
sential to distinguish between (i) statistical prediction,
where inference proceeds by approximating the proba-
bility distribution of the observations, and (ii) algorith-
mic abduction, which seeks the causal and mechanistic
procedures that generate them.

This distinction is far from trivial. Because deep
learning models achieve high predictive accuracy, they
are often portrayed as exhibiting reasoning capabilities
or functioning as world models [4, 5], suggesting that
they capture the structure of the data on which they
are trained. Nevertheless, their performance is brit-
tle under distribution shifts [6], vulnerable to spurious
correlations [7], and unstable in non-stationary envi-
ronments [8]. Even architectures such as transformers
show these limitations [9, 10, 11]. Such behaviors indi-
cate that these systems often rely on statistical short-
cuts instead of uncovering the generative structure of
the data, motivating their characterization as perform-
ing nothing more than statistical pattern matching. At
the same time, studies such as [12, 13] argue that phe-
nomena like grokking and double descent in overpa-
rameterized models reflect a bias toward simplicity,
and conjectures such as [14] propose that the internal
representations learned by these models may function
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like short programs that capture the underlying gen-
erative structure of the data.

Practical approaches to this problem often analyze
the internal parameters of specific models, for example
by measuring compression [15] or examining simplicity
bias [16]. However, these methods depend on particu-
lar architectures and training dynamics, and therefore
do not provide a general methodology for evaluating
what learning systems have actually acquired. To ad-
dress this limitation, we introduce the Algorithmic In-
ference Benchmark (AIB), a model-agnostic suite of
synthetic datasets in which each instance is generated
by a known program. By independently varying the al-
gorithmic and statistical properties of both the genera-
tive and sampling mechanisms, AIB enables controlled
experiments that reveal whether learning systems re-
cover the underlying programs that generate the data
or remain confined to fitting surface-level patterns.

2. The Algorithmic Inference Benchmark

This work is at the conceptual stage and outlines the
design principles of the Algorithmic Inference Bench-
mark (AIB). We define a dataset as a collection of in-
put–output pairs D = {(xi, yi)}Ni=1, where each pair is
generated by a known rule rj and a sampling procedure
σ that determines the initial conditions xi ∼ σ. In our
current setup, each output is obtained as yi = rj(xi),
where rj denotes one of the 256 possible rules of the
one-dimensional elementary cellular automata (ECA)
[17]. In this formulation, xi and yi are binary strings
representing consecutive states of the automaton un-
der rule rj . The combined specification of the sam-
pling process σ and the generative rule rj defines the
statistical and algorithmic characteristics of D. One-
dimensional CAs serve as a tractable initial implemen-
tation, while the same formulation generalizes to any
computable transformation model, providing a scal-
able framework for constructing datasets with control-
lable algorithmic structure.

The difficulty of each dataset in AIB can be charac-
terized along two complementary dimensions: its sta-
tistical and algorithmic complexity.

2.1. Statistical Difficulty

A natural method to quantify the statistical difficulty
of a dataset is to ask how much uncertainty remains
about the outputs y after observing the inputs x. In
information theory, this notion is captured by the con-
ditional Shannon entropy H(Y | X), which measures

the minimal expected number of bits required to de-
scribe Y given knowledge of X [18]. High conditional
entropy corresponds to outputs that are statistically
unpredictable from the inputs, indicating high statis-
tical difficulty.

However, in the setting considered in AIB, each
dataset is generated by a deterministic transformation
y = rj(x). In this case, H(Y | X) collapses to zero, re-
gardless of how complex or irregular the mapping may
appear from a statistical perspective. Thus, the stan-
dard conditional entropy fails to capture meaningful
notions of statistical difficulty for deterministic gener-
ative processes.

To obtain a more informative measure, we intro-
duce a partition operator ρ that decomposes each bi-
nary string into fixed-length segments:

ρ(x) = (x1, x2, . . . , xmx), ρ(y) = (y1, y2, . . . , ymy),

where each block xi and yj belongs to {0, 1}k.
The operator ρ specifies the partition scheme, such

as non-overlapping windows or sliding windows, used
to extract local patterns.

To quantify the statistical relationship between lo-
cal patterns of x and y, we construct an empirical joint
distribution over all block pairs that occur within the
same example. Let

C(xi, yj) = #{(n, a, b) : x̂(n)a = xi, ŷ
(n)
b = yj}

count how many times the pattern pair (xi, yj) appears
across the dataset, where x̂

(n)
a and ŷ

(n)
b denote the a-

th and b-th blocks of the n-th example. The empirical
joint distribution is then

p(xi, yj) =
C(xi, yj)

N mxmy
,

which corresponds to the frequency of co-occurrences
of (xi, yj) relative to the total number of block com-
parisons Nmxmy (each block of x compared with each
block of y within the same example).

The marginal distribution over input blocks follows
naturally from the joint,

p(xi) =
∑
yj

p(xi, yj) =
#{(n, a) : x̂(n)a = xi}

Nmx
,

ensuring internal consistency when defining condi-
tional distributions.

We define the partition-based conditional entropy
as

Hρ(Y |X) = −
∑
xi,yj

p(xi, yj) log
p(xi, yj)

p(xi)
.
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This quantity measures the uncertainty of local pat-
terns in y given those in x under the chosen par-
tition scheme ρ. Low values of Hρ(Y |X) indicate
that the local configurations of x strongly constrain
those of y, corresponding to low statistical difficulty.
Conversely, higher values reflect greater statistical ir-
regularity, where correlations between local patterns
weaken despite the deterministic generative rule.

Because the empirical distribution of blocks de-
pends on the sampling process σ, the value of Hρ(Y |X)
varies with σ. We hypothesize that changing σ pro-
vides a useful mechanism for modulating statistical
difficulty, enabling AIB to probe how input sampling
influences the apparent statistical structure of the data
independently of the underlying rule.

2.2. Algorithmic Difficulty

While statistical difficulty captures how strongly the
distributions of local patterns in x and y are correlated
under the sampling process σ, it does not directly ac-
count for the algorithmic structure of the generative
rule rj itself. To quantify this intrinsic mechanistic
complexity, we adopt a measure based on conditional
Kolmogorov complexity [19]. The conditional complex-
ity of an object y given x is defined as

K(y | x) = min{ |p| : U(p, x) = y },

which represents the length of the shortest program
that outputs y when provided with x as input to a
universal Turing machine U . As with ordinary Kol-
mogorov complexity, this quantity is uncomputable.
However, in our controlled setting, each dataset is gen-
erated by a known transformation rj , allowing us to
approximate its algorithmic difficulty via the complex-
ity of the rule itself.

We estimate K(rj) using the Coding Theorem
Method (CTM) [20], which approximates Kolmogorov
complexity from the empirical output distribution of
small programs. By exhaustively enumerating all ma-
chines in a restricted computational model and ap-
plying Levin’s coding theorem [21, 22], CTM approxi-
mates

K(x) ≈ − log2mD(x),

where mD(x) denotes the empirical algorithmic prob-
ability of x. Let η(rj) ∈ {0, 1}8 denote the canonical
8-bit representation of an elementary cellular automa-
ton; we approximate

K(rj) ≈ KCTM (η(rj)).

By the invariance theorem, Kolmogorov complex-
ity is stable under any computable recoding [23, 19,
24]. Thus, using the canonical binary encoding η(rj)
changes the true complexity of the rule by at most a
constant.

For example, the complexity of Rule 90 can be ap-
proximated by KCTM (01011010), its canonical 8-bit
transition-table encoding. This captures how com-
pressible the underlying generative mechanism is, in-
dependently of the sampling distribution σ.

This approach is general and applies to any com-
putable generative mechanism. When a rule requires
an encoding larger than the CTM limit (12 bits), we
estimate its complexity using the Block Decomposition
Method (BDM) [25], which decomposes the encoding
into CTM-sized pieces and aggregates their complex-
ities with a penalization for repeated blocks. BDM
preserves CTM’s algorithmic grounding while behav-
ing like entropy at larger scales.

2.3. Evaluation Protocol: Algorithmic vs Statistical
Learning

AIB treats algorithmic and statistical difficulty as con-
trollable parameters: the generative rule rj sets the al-
gorithmic difficulty of the dataset, while the sampling
process σ sets its statistical difficulty.

In the main protocol, we fix rj and vary σ. Changes
in performance as σ varies indicate the extent to which
a model depends on surface-level statistical correla-
tions. Large performance drops suggest stronger re-
liance on statistical features of the observed data,
whereas stability across sampling distributions indi-
cates a greater degree of mechanism-based generaliza-
tion.

At this stage, we restrict our analysis to this proto-
col and evaluate models using standard metrics such as
accuracy or loss. Additional protocols and evaluation
criteria are under development.

2.4. An Ideal Algorithmic Learner

An ideal learning system for the AIB setting would
approximate the universal distribution induced by the
Solomonoff prior [26], assigning higher probability to
simpler generative explanations and selecting hypothe-
ses according to their algorithmic probability. Such a
system would implement an optimal form of Occam’s
razor [27]: it would identify the shortest program con-
sistent with the data and generalize by preferring al-
gorithmically minimal descriptions.
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Although such a universal learner is uncomputable
in principle, several research directions seek to approx-
imate aspects of this behavior. These include models
based on the minimum description length (MDL) prin-
ciple [28], program-induction architectures [29], and
approaches that explicitly incorporate algorithmic pri-
ors [30]. In Appendix A, we present a prototype model
that captures part of this ideal within the constraints
of finite computation.

3. Conclusion

The Algorithmic Inference Benchmark (AIB) provides
a principled framework for determining whether learn-
ing systems rely on statistical correlations or recover
the generative rules that underlie the data. We expect
AIB to support a deeper understanding of whether a
model captures distributions or infers programs, and
to motivate approaches that incorporate stronger al-
gorithmic inductive biases. Future extensions will ex-
plore broader classes of generative mechanisms, sam-
pling schemes, and evaluation metrics, enabling more
comprehensive studies of algorithmic abduction and
offering a path toward more general solutions to in-
verse problems.
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A. Algorithmic Inference via Cellular Automata in Few-Shot Symbolic Tasks

Problem Setting

We consider tasks where the goal is to infer plausible output patterns y for previously unseen inputs xtest, given
only a few example input-output pairs (xi, yi). Each x and y is a 4× 4 binary matrix. The dataset is designed
to emphasize low-data generalization based on algorithmic principles rather than statistical ones.

Method Overview

Our method leverages the generative capacity of cellular automata (CAs) to discover possible transformations
from x to y that are algorithmically plausible and minimally complex. It proceeds in five main steps:

1. Rule Discovery

Simulate a large number (e.g., 1 million) of two-dimensional binary cellular automata rules. For each training
pair (x, y), identify the subset of rules R that, when applied to x, generate y at some timestep before the system
enters a repeating configuration, where the dynamics settle into a cycle.

2. Rule Complexity Ranking (Optional)

Each CA rule can be encoded in a binary string of length 512 bits (since a 9-bit neighborhood maps to a 1-bit
output). We use the Block Decomposition Method (BDM) to estimate the algorithmic complexity of each rule.
The rules in R are ranked by increasing complexity, under the assumption that simpler generative rules are
more likely to reflect true underlying structure.

3. Rule Application to Test Inputs

For each xtest, apply the top-k rules (e.g., the 100 simplest rules from R) to simulate their evolution. For each
rule r, collect all candidate outputs y′ that emerge during simulation.

4. Conditional Complexity Estimation

For each candidate output y′, we estimate its conditional algorithmic complexity given xtest by computing its
empirical frequency and applying the algorithmic coding theorem. The procedure is as follows:

• Let Ry′ ⊆ R be the subset of CA rules that produce y′ from xtest.

• Let |R| be the total number of rules tried (e.g., the top-100 ranked by BDM), and let |Ry′ | be the number
of rules that generate y′.

• Define the empirical algorithmic probability as:

mD(y
′ | xtest) =

|Ry′ |
|R|

(1)

• Applying the Coding Theorem Method, we approximate the monotonic conditional complexity as:

Km(y′ | xtest) = − log2

(
|Ry′ |
|R|

)
(2)

• To obtain an upper bound on the conditional algorithmic complexity, we also record the minimal number
of steps tmin required for any rule in Ry′ to reach y′. This yields:

K(y′ | xtest) ⪅ KCTM(y′ | xtest) = Km(y′ | xtest) + log2(tmin) (3)

where KCTM(y′ | xtest) denotes the upper bound derived from the Coding Theorem Method.
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This estimate favors outputs generated by many simple rules and achieved quickly during simulation, aligning
with the principles of algorithmic probability and Occam’s razor.

5. Selection by Minimum Conditional Complexity

Finally, we select the output y′ with the minimum estimated conditional complexity KCTM(y′ | xtest) as the best
abduction/induction hypothesis for the given input.


