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Abstract

What factors contribute to the relative success and corresponding difficulties of
in-context learning for Large Language Models (LLMs)? Drawing on insights
from the literature on human concept learning, we test LLMs on carefully designed
concept learning tasks, and show that task performance highly correlates with the
Boolean complexity of the concept. This suggests that in-context learning exhibits
a learning bias for simplicity in a way similar to humans.

1 Introduction

The human conceptual apparatus represents one of the most remarkable aspects of our species’
intelligence [Murphy| |2002]. In order to understand the ways in which artificial intelligences do and
do not resemble our own, understanding their conceptual structure is an important first step.

One prominent tradition argues that human concepts are representations in a language of thought
(LoT) [Fodor, |1975| (Goodman et al., [2015| |Quilty-Dunn et al., [2022]]. Support for this perspective
comes from Bayesian arguments that concept learning exhibits a strong bias for simplicity, consistent
with a view in which human learners infer the simplest expression in an LoT that is consistent with the
data that they have seen [Feldman| 2000} (Chater and Vitanyi, 2003} |Goodman et al.| 2008] |[Piantadosi
et al.,2016].

In this paper, we study in-context concept learning with large language models (LLMs), allowing us
to address the following questions: when presented with labeled examples of an unknown concept,
can an LLM infer the underlying concept? If so, what inductive biases does this in-context concept
learning exhibit; in particular, does it exhibit a simplicity bias akin to the simplicity bias displayed by
humans?

Consider the prompt in[(T)] In the first two lines, we see labeled examples of a new numerical concept,
bnik. The final line asks a model to label a new example. Repeating this for a range of example sets
and concepts, we can measure whether models have greater success with simpler concepts.

€)) There are 10 apples. Alice has 3 of the apples. Does Alice have bnik of the apples? No.
There are 15 apples. Alice has 10 of the apples. Does Alice have bnik of the apples? Yes.
There are 20 apples. Alice has 10 of the apples. Does Alice have bnik of the apples? ____



We study a range of numerical concepts expressed in a simple language of thought with basic
logical and arithmetical operators and find (for several different models) that concepts with shorter
representations in a hypothesized LoT are easier to learn in-context. This shows that LLMs are
capable of learning non-trivial mathematical concepts and exhibit learning biases that are similar to
those used in human concept learning.

2 Related Work

Feldman| [2000] showed that ease of human concept learning is highly negatively correlated with
Boolean logical complexity: concepts with longer minimal logical formulas are harder for people to
learn. A large body of subsequent work has extended the range and scope of this view using Bayesian
inference in various LoTs [[Goodman et al., 2008, |Piantadosi et al., |2016]. |(Carcassi and Szymanik:
[2022] show that neural networks trained from scratch to learn Boolean concepts exhibit a similar
bias for simplicity. A wide range of work has recently analyzed when, how, and why in-context
learning (ICL) in LLMs works [Min et al., [2022} |Akyiirek et al., 2022} |Akytirek et al.,|2024| i.a.]. To
the best of our knowledge, ours is the first to explicitly study concept learning and measure a learning
bias for logical simplicity in ICL.

3 Methodology

3.1 Concept generation

Our data generation methodology is inspired by |van de Pol et al.| [2022]] and [Z. Wang and Steinert-
Threlkeld|[2023]], where we define the complexity of a concept using its minimal description length—
the length of the shortest expression that can capture the concept (defined more precisely below).
We define a concept as a semantic object generated by a logical grammar, whose basic structure is
shown in Table[I] The full grammar used during generation is given in Appendix it imposes
some additional constraints to prevent certain types of unwanted recursive generatio%k

Operator Type Gloss

NUM x NUM — BOOL Numerical equality
NUM x NUM — BOOL Numerical inequality
NUM x NUM — BOOL Numerical more than
NUM x NUM — BOOL Numerical less than
NUM x NUM — NUM Numerical multiplication
BOOL x BOOL — BOOL And

BOOL x BOOL — BOOL Or

Table 1: Operators in the logical grammar.

<>X A VI

The complexity of a concept is determined by the number of operators in its minimal description.
For example, the concept [between 5 and 10] has a complexity of 3 (and therefore will be in class
3) because there are three operators (>, A, and >) in its minimal description: (z > 5) A (10 > x).
One example of a concept with a complexity of 1 is [less than 5], with minimal description: (z < 5).
Concept complexity class n will thus contain all unique concepts with minimal description lengths
of n that can be generated by the logical grammar. The complexity classes, along with some
representative concepts for each class, are included in Appendix [A.8]

Under the procedure described so far, it is possible to generate two concepts that have similar or
identical meanings. Here, concepts classify pairs of numbers (in [(T)] the total number of apples
and the number of apples that Alice has) into true and false. We identify a concept’s meaning as its
extension, i.e. the set of such pairs that it maps to true.

This fact creates several issues for interpreting the results:

1. If two concept descriptions in different complexity classes yield the same meaning (e.g.,
r <5 Ax<6andx < 5), then the more complex one should not be considered because

'See Appendix for an example.




our hypotheses are about a concept’s minimal description length; thus, only the simplest
description for a concept should be considered.

2. If two concept descriptions in the same complexity class yield the same meaning (e.g.,
x<5H5Vazx>17and x > 17V x < 5), then they are effectively the same concept. Thus,
generating both concepts is effectively the same as sampling one concept twice, which is
undesirable because it might make that concept overrepresented, biasing the results.

3. If two concept descriptions yield similar but non-identical meanings, there are potential
challenges in interpreting a model’s performance. Consider the concepts with meanings
(x > 5)and (x > 5)A(z # 7). The second meaning only differs from the first at exactly one
place (when z = 7). Thus, if we intend to test learning of the second, more complex concept,
a model would get almost the same accuracy if it had learned the incorrect simpler concept
as it would get if it had learned the correct concept, since both concepts almost always yield
identical predictions. This is a problem because it makes it challenging to determine if the
model has learned the intended concept (as opposed to a similar but unintended concept).

To address these issues, we perform deduplication in which a generated concept is discarded if its
meaning is the same as, or similar to, a previously-generated concept. Since concepts are generated
in order of increasing complexity, this procedure ensures that we keep only the minimal description
for a given meaning. For deduplication across complexity classes, we consider two concepts similar
when their Levenshtein distanc is less than 3, i.e. they differ in truth value on at most 3 inputs, in
which case we discard the one with the longer description. Deduplication is also performed within
complexity classes: when multiple concepts in the same class have a Levenshtein distance of 0 with
each other, we discard all but one of them.

3.2 Data generation

Each prompt that we give to LLMs, such as the prompt shown in [(T)] above, is made of several
examples. Each example is generated from the following template, where the slots that vary between
examples are underlined. See Appendix [A.3|for more details.

2) There are . of the
TOTAL OBI SUBJ PRED NUM OBJ
Does bnik of the ? .
SUBJ PRED OBI YES/NO
3.3 Models

We ran experiments on two LLM families: Qwen2 [[Yang et al.| 2024] from Alibaba research, and
Gemma 2 [Riviere et al., [2024] from Google DeepMind. During testing, the instruction-tuned
versions of the models and default Huggingface chat templates were used. Qwen2-72b was the best-
performing open model on Hugging Face Open LLM Leaderboar(ﬂ as of June 2024. The Gemma 2
models achieved state-of-the-art results for their size, while reaching competitive performance on
many benchmarks when compared to models with 2 X more parameters.

4 Results

For each complexity class, we randomly sample 18 concepts from all possible concepts in that class.
Results are shown in Figure[I] in which each data point represents the model’s accuracy on a specific
concept. The trend line shows the line of best fit to the average accuracy of each complexity class.

For each model family, we run experiments for models in two sizes—the largest model in that family,
and a model that has approximately 10 billion parameters. As shown in the figure, the average
accuracy for all LLMs decreases as concept complexity increases. The drop in average accuracy is
most evident in Gemma 2-9B: from 83% in class 1 to 66% in class 5. For the largest model we tested,
Qwen2-72B, there is a 16% decrease (90% — 74%) in average accuracy as complexity increases
from 1 to 5. See Appendix [A.2]for a plot of only average accuracy values for each model.

2See Appendix A.5|on how the distance is calculated.
*https://huggingface.co/spaces/open-11lm-leaderboard/open_l1lm_leaderboard


https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard

In Table[2] we see there is a strong negative correlation between concept complexity and average
model accuracy, indicated by the Pearson correlation coefficients (PCC). All results are statistically
significant except for Qwen2-72B, which is nearly significant at a p = 0.05 threshold. This suggests
that the bias for simplicity in in-context learning may become smaller as a function of model size.
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Figure 1: The influence of concept complexity on LLM accuracy at concept learning (see text for
how complexity is operationalized). On average, LLM accuracy drops as complexity increases. Each

point shows accuracy on a single concept; the lines are lines of best fit to the average accuracy for
each complexity class.

Model Name PCC p-value
Gemma-2-9B-it -0.961  0.009
Gemma-2-27B-it -0.898  0.038

Qwen2-7B-Instruct  -0.884  0.046
Qwen2-72B-Instruct  -0.854  0.065

Table 2: Pearson correlation between complexity and average accuracy

5 Conclusion

This work has shown that LLM in-context concept learning exhibits a simplicity bias of a similar sort
as the simplicity bias that has been observed in human concept learning. Much work remains for
the future; important future directions include (i) more detailed comparisons with human concept
learning data (e.g., of exact learning curves), (ii) extending this research to conceptual domains
beyond the numerical, and (iii) more detailed analysis of factors explaining the ease of in-context
concept learning beyond LoT complexity. We hope that this work will spur a new line of research

exploring how perspectives from the concept learning literature in cognitive science can shed light on
the nature of in-context learning in LLMs.
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A Appendix / supplemental material

A.1 Limitations

Only a finite set of fractions are used in the grammar to improve efficiency. As a consequence, it may
be the case that some concepts that require a certain minimal number of operators under our framing
could be expressed using fewer operators if more fractions were allowed.. To address this issue, we
plan to use a richer set of fractions in future work.
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Only a limited set of LLMs are tested. It is possible that newer models / models with different
architectures do not exhibit the phenomena discussed in this text.

We use only one prompt template for all experiments, which may introduce implicit biases in the data
and affect the experiment results.

A.2 Complexity vs. average accuracy plot
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Figure 2: Complexity vs. average accuracy.

A.3 Data Generation

The pseudocode shows how prompt data is generated, from sets of (predefined) subjects, verbs, and
objects.

The sets of examples used in this paper are balanced — in every prompt, the model sees the same
number (10) of positive and negative exampleﬂ and for each accuracy data point, the model is tested
on the same number (500) of prompts with true labels and false labels. In this work, we use the

template “Let us define a new word, bnik.”, followed by labeled examples and a question at the end,
for all prompts in the dataset.

*Because of this, we exclude concepts that would have fewer than 10 positive or negative examples.



Algorithm 1 Data Generation

Inputs: set of subject nouns S, set of predicate verbs P, set of objects O,
function GENERATE_EXAMPLE

initialize positive_examples = [ ], negative_examples = []

for total in [5,100] do
for num in [0, total] do
uniformly randomly sample s, p, o from S, P, O
example = GENERATE_EXAMPLE (total, num, s, p, 0)

append example with true labels to positive_examples
append example with false labels to negative_examples
end for
end for

return positive_examples, negative_examples

As shown in Algorithm [T]in Appendix[A.3] we iterate through all meaningful numerical ranges for
both the number of total objects (which we restrict to be between 5 and 100 inclusive) and the number
of objects the person has, and generate an example for each combination. If we want to generate a
prompt with m positive examples and n negative examples, we would sample without replacement
m and n examples from the sets of positive examples and negative examples respectively, and use
an unseen example as a question at the end. In our experiments, the prompt always shows the same
number of negative examples as positive ones—that is, m and n are equal.

A.4 Grammar for concept generation

The grammar used during concept generation is given below, presented as a context-free grammar.

Bool -> Bool and Bool

Bool -> Bool or Bool

Bool -> Var2 == SimpleInt
Bool -> Var2 = SimpleInt
Bool -> Var2 > SimpleInt
Bool -> Var2 < Simplelnt
Bool -> Var2 > ComplexFloat
Bool -> Var2 < ComplexFloat

ComplexFloat -> SimpleFloat *  Varl
# total number of items
Varl -> [5, 100]

# subject’s number of items
Var2 -> [0, 100]

SimpleInt -> [0, 100]

# fractions
SimpleFloat -> {1/5, 1/4, 1/3, 2/5, 1/2, 3/5, 2/3, 3/4, 4/5%}



Constraints on the grammar For the sake of efficiency, the fine-grained type system in the gram-
mar prevents the generation of fractions that are not in the predefined list of fractions. Multiplication
can only take place between "SimpleFloat" and "Varl", so it is not possible to obtain new fractions
by multiplying existing ones.

A.5 Deduplication method

The deduplication methodology used here is based on vectors representing concept meanings.
Suppose the total number of objects is n = 100. We can then imagine the semantics of a con-
cept being represented by a 101-dimensional vector, where each dimension is the truth value of
f(n=100,z) = {{(n,z) : (x > 3)} for z = [0,100].

For instance,

x=0 (x > 3) False 0
x=1 (x > 3) False 0
x=2 (x > 3) False 0
x=3 (x > 3) False 0
x=4 (x > 3) True 1
x=5 (x > 3) True 1
->[000011...... ].

We compute such a semantics vector for n = {25, 50, 100} for all concepts in each class, and use
the edit distancef] to remove similar concepts. Two concepts are considered similar if they belong to
different classes and have an edit distance < 3 between their vectors.

Algorithm 2 Concept deduplication: when two concepts are similar, only remove the one in the more
complex class

Inputs: current concept class this_class, set of all previous concept classes prev_classes
function EDIT_DIST

deduped_concepts = this_class

for concept in this_class do
for prev_concept in prev_classes do
if EDIT_DIST (concept, prev_concept) < 3 then
remove concept from deduped_concepts
end if
end for
end for

return deduped_concepts

3Since any two concept vectors always have the same length, the distance is defined as the number of places
where two vectors have different values.



A.6 Example prompt

Prompt Label
Let us define a new word, bnik.
There are 17 plants. Alice has 13 of the plants.
Does Alice have bnik of the plants? No.
There are 99 trees. Bob has 7 of the trees.
Does Bob have bnik of the trees? Yes.
There are 40 tables. Alice owns 36 of the tables.
Does Alice own bnik of the tables? No.
There are 72 chairs. Bob owns 9 of the chairs.
Does Bob own bnik of the chairs? Yes.
There are 82 chairs. Bob has 47 of the chairs.
Does Bob have bnik of the chairs? No.
There are 100 plants. Alice owns 70 of the plants.
Does Alice own bnik of the plants? No.
There are 56 chairs. Alice owns 3 of the chairs.
Does Alice own bnik of the chairs? Yes.
There are 56 birds. Bob owns 37 of the birds.
Does Bob own bnik of the birds? No.
There are 84 tables. Alice owns 12 of the tables.
Does Alice own bnik of the tables? Yes.
There are 69 bikes. Alice owns 32 of the bikes.
Does Alice own bnik of the bikes? Yes.
There are 99 apples. Alice has 3 of the apples.
Does Alice have bnik of the apples? Yes

Table 3: Example of prompts in the dataset. The underlying concept in this example is “less than

half”.

Lexical items used in prompts

e nonce word: bnik
* subjects: Alice, Bob
* predicates: has, owns

"non

* objects: "tables", "chairs", "apples", "bikes", "trees", "fish", "birds", "plants"

A.7 Compute resources

All experiments were run on two Nvidia RTX A6000 GPUs. Greedy decoding was used during
inference.
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A.8 Concept complexity classes

Below are some representative concepts for each class. It is not a comprehensive list of all the
concepts that are generated.

Complexity 1: Complexity 2: Complexity 3:
primitive operators proportional primitives conjunction / disjunction of
primitive operators

[n=x]

[n>x] [x>p~n] (x>c1) or (x<c2)
[x<p™n] (x>c1) and (x <c2)

x>l

[x<c

[x=c]

[x!=c]

Complexity 4: Complexity 5:

conjunction / disjunction of conjunction / disjunction of

one operator and one proportion two proportions

(x>c) or (x<p*n) (x>pl*n) or (x<p2*n)

(x>c) and (x<p*n) (x>p1*n) and (x<p2*n)

conjunction / disjunction of
three primitives

((x>c1) and (x<c2)) or (x>c3)

(x>c1) and (x<c2)) or (x<c3)
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