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Abstract

Large Language Models (LLMs) rely on in-
duction heads for in-context learning, yet how
they manage complex hierarchical structures
and contextual dependencies remains unclear.
By evaluating a range of LLMs on synthetic
tasks and natural language analogues, we iden-
tify adaptive induction heads in later layers that
learn to attend to successor tokens based on
hierarchical cues rather than simple bi-gram
statistics. These heads are supported by a cir-
cuit of context matching heads that uncover
latent transition relationships by routing infor-
mation from distant past tokens to the current
query. Controlled ablation experiments across
model families confirm that this circuit is es-
sential for accurate hierarchical predictions in
context. Finally, we show that this mechanism
is used in natural language to resolve ambigui-
ties where single tokens have multiple potential
successors. Our findings provide a mechanistic
account of how LLMs learn to predict higher-
order repetitive patterns in-context.

1 Introduction

In-context learning is one of the most pervasive
features of Large Language Models (LLMs): the
ability to predict future tokens more accurately
given more context, without any change in model
weights. Understanding its internal mechanisms
has been a key focus in the community, and a nat-
ural starting point for Transformer-based LLMs
is the self-attention mechanism, which routes in-
formation from past tokens to future ones. In an
important study, Olsson et al. (2022) showed that
a two-layer attention-only Transformer develops
attention heads that make tokens attend to the suc-
cessors of their past instances. These induction
heads let the model copy previously observed pat-
terns and token bi-grams, and have since served
as a key explanatory mechanism behind in-context
learning.

However, induction heads in their basic formula-
tion cannot be the whole story of pattern induction.
Many patterns in language have long-range, hierar-
chical dependencies: if a token x has had two dif-
ferent successor tokens, which should it attend to?
For instance, the token the prefaces many different
nouns in a text, so predicting its successor requires
integrating higher-order contextual cues beyond bi-
gram statistics. Olsson et al. (2022) indeed reported
an induction head with signs of context-sensitive
adaptation, raising the possibility that induction
heads adapt in-context and account for more than
simple copying. Similarly, Akyürek et al. (2024)
report induction heads copying successor tokens
via 2-gram prefix matching in Transformers trained
from scratch on synthetic formal languages.

Expanding on these ideas, we investigate
whether induction heads in pre-trained LLMs can
learn what successor tokens to attend to in-context
when the token sequences have hierarchical de-
pendencies. We design a comprehensive set of
synthetic token sequences that incorporate repeti-
tive patterns at various levels of hierarchy, along
with natural language analogues. In order to pre-
dict these token sequences accurately using induc-
tion heads, the LLM needs to direct them to attend
to specific successor tokens while ignoring others
based on these tokens’ preceding context. Remark-
ably, across all LLMs we evaluate, we discover
induction heads in later layers that learn what suc-
cessor tokens to attend to in-context (see Fig. 1
for task and induction head visualization). We sub-
sequently verify our finding on a simple natural
language test, showing how this mechanism is used
for sequences closer to the training distribution.

Ultimately, if LLMs learn in-context in virtue of
induction heads learning in-context, how do they
do it? We propose a simple mechanism explaining
how induction heads learn in-context in our task. In
our proposed circuit, dedicated heads make tokens
attend to the context preceding them, routing infor-
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Figure 1: Left: Experimental design. First-order structures are learnable by a bi-gram model; second-order structures
add context-dependent transitions, requiring the model to identify the current context; third-order structures merge
second-order contexts into higher-order ones. Right: Attention from an adaptive induction head (layer 19, head 3)
in Qwen2.5-1.5B. Green (red) cells mark successor tokens in the same (different) chunk as the current token; the
bottom two rows show average attention from a higher-order chunk to other chunks, colored by whether the chunks
match. The head moves beyond bi-gram behavior, attending to successors in the correct context.

mation from potentially distant past tokens to allow
subsequent context-sensitive attention. From the
output of these heads, we can decode whether the
current token xt has the same N preceding context
tokens as the previous instance of xt′<t after N .
These heads could support a representation of the
latent contexts giving rise to the different successor
relationships between the tokens in the sequence.
With controlled ablation experiments we confirm
that these heads support the in-context learning
ability of induction heads. Our results are shown
for LLMs in the Qwen2.5 family of models (Yang
et al., 2024), and reproduced for four other mod-
els, Gemma2-2B (Team et al., 2024), Llama3.2-
3B (Dubey et al., 2024), SmolLM3-3B (Bakouch
et al., 2025) and Qwen3-0.6B (Yang et al., 2025a)
in Appendix C. Our main contribution is to identify
this hierarchical circuit, in which context match-
ing heads route distal information so that adaptive
induction heads can make context-specific predic-
tions where simple bi-gram copying fails.

2 Related work

Analyses of in-context learning. In-context learn-
ing, one of the most pervasive features of modern
language models, has been analyzed from various
theoretical and empirical points of view. Brown
et al. (2020) showed that Transformer language
models were generally better at predicting tokens
with more examples provided as context across a
variety of tasks. Subsequent work focused on mod-

eling the phenomenon of in-context learning in
Language models as gradient descent (Von Oswald
et al., 2023), Bayesian inference (Xie et al., 2021),
latent variable inference (Hendel et al., 2023), as
well as in virtue of specific circuits like induc-
tion heads (Elhage et al., 2021; Singh et al., 2023)
and training distribution (Chan et al., 2022). Re-
cent work has also focused on analyzing in-context
learning empirically using tools like Sparse Auto-
Encoders and probing (Demircan et al., 2025; Park
et al., 2024a,b; Akyürek et al., 2022), or by ana-
lyzing LLMs’ propensity to repeat patterns in their
inputs (Yan et al., 2023). A related line shows that
when LLMs are given sequences generated from la-
tent structures, their internal representations come
to reflect that structure (Demircan et al., 2025; Park
et al., 2024a; Shai et al., 2024); we build on this
by showing that LLMs recover higher-order transi-
tion structure and represent whether a given chunk
matches the preceding one. In our paper we study
the internal mechanisms that LLMs rely on in or-
der to pick up on such repetitions when they are
embedded in a hierarchy.

Induction and compression. Being able to in-
duce repetitive structure is one of the basic building
blocks of compression (Bartík et al., 2015; Say-
ood, 2017; Delétang et al., 2023; Saanum et al.,
2023; Solomonoff, 1964). As shown, this ability
is afforded in part by induction heads and con-
text matching heads. Notably, these induction
heads show an invariance to the particular token
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sequences they are presented with, picking up on
repetitive structure even if the sequences are com-
posed of arbitrary tokens that never co-occur in
natural language. Invariances like these are cru-
cial for generalization and for the LLMs’ ability to
serve as general-purpose compressors (Olshausen
et al., 1993; Saanum et al., 2024; Quessard et al.,
2020).

Zoo of attention heads for in-context learning.
Various types of attention heads have been identi-
fied as important for in-context learning. Elhage
et al. (2021) and Olsson et al. (2022) identified in-
duction heads that operate at the token level, with
some implications of carrying more abstract func-
tions. Later research (Yin and Steinhardt, 2025)
argued that in-context learning is driven by func-
tion vector heads (Todd et al., 2023) rather than
purely by induction heads. Several other head
types support various forms of in-context learning,
including concept induction heads (Feucht et al.,
2025), semantic induction heads (Ren et al., 2024),
n-gram heads (Akyürek et al., 2024) and symbolic
induction heads (Yang et al., 2025b). Closest to
our circuit are n-gram heads and function vector
heads. n-gram heads predict the n-th token by lit-
eral, contiguous matching of the preceding n−1
tokens in models trained directly on n-grams; we
instead analyze pretrained LLMs on abstracted,
non-contiguous hierarchical contexts, where the
cue is a latent higher-order chunk rather than a
strict string match (Section 4.2), and find the work
split across two head types rather than one. Func-
tion vector heads are complementary: they handle
abstract mappings such as translation, whereas our
circuit handles next-token retrieval in repetitive
structures. We detail this two-part circuit, and how
it relates to the original induction-head account, in
Sections 4 to 5.1.

3 Task

3.1 Synthetic data

To investigate how LLMs learn hierarchical struc-
ture in-context, we design token sequences where
repetitions appear at various levels of hierarchy.
In the simplest case, let us consider a sequence
C =< a, b, c > which is repeated N times to
form C ′ =< C1, ..., CN >. Induction heads are
perfectly fit to capture sequences like these. Each
token has a unique successor token, and is repeated
in a completely predictable matter without the need
to consider higher-order dependencies.

Next, let us incorporate higher-order dependen-
cies, e.g. where successor tokens can be predicted
only by additionally considering the tokens that
immediately precede them. Suppose we have three
different token sequences like the one designed
above α =< a, b, c >, β =< b, c, a >,
γ =< c, b, a >. We refer to these token sequences
as 2nd order chunks. Now we can construct a new
sequence where we randomly transition between
our 2nd order chunks α, β and γ. Since these con-
sist of the same tokens in different orders, simply
attending to any successor token will not be a suc-
cessful strategy for prediction. For instance, the c
token is succeeded by a in the β chunk, and by b
in the γ chunk. To this end, if induction heads are
responsible for in-context learning in these cases,
they have to learn what successor tokens to attend
to. We refer to sequences composed of 2nd order
chunks as 2nd order sequences.

Finally, let us consider repetition at one more
level of hierarchy. Like in the previous paragraph,
we can treat the building blocks of our 2nd order se-
quences α, β, γ as primitive and compose a more
complex vocabulary from them. Consider the set
of 3rd order chunks as follows: ϕ =< α, γ, β >
, ψ =< β, α, γ >, Ω =< γ, α, β >. We can
compose a new sequence with predictable, repet-
itive patterns by randomly transitioning between
the 3rd order chunks. Here, too, simply attending
uniformly to successor tokens is futile: For tokens
embedded in the 2nd order chunks α, β or γ, the
induction head has to attend to successor tokens
from the same 2nd order structures. For tokens that
transition between the 2nd order structures, the in-
duction heads need to attend to successor tokens in
the right position within the same 3rd order chunk
ϕ, ψ and Ω. We refer to sequences composed of
3rd order chunks as 3rd order sequences.

In this paper we evaluate models on sequences in
these three levels of hierarchy, with a focus on the
last two. To create them, we fix a small vocabulary,
a randomly sampled subset consisting of V tokens
drawn from the LLM’s original vocabulary. We
then generate P unique permutations of the new
vocabulary, resulting in P sequences of length V .
To create what we call a 2nd order sequence, we
repeat each permutation N times and shuffle their
order (while keeping the 2nd order chunks intact),
giving us a total sequence length of N × P × V .
Finally, for the 3rd order chunks we construct P ′

unique permutations of the 2nd order chunks. We
then compose a new sequence by randomly shuf-
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Figure 2: Some, but not all, induction heads learn to attend to successors in higher-order contexts. (A) Accuracy on
the 2nd-order (top) and 3rd-order (bottom) tasks; learning curves average the best 5 heads. (B) Two strategies, each
shown as a token-level map (bottom, xi → xj) and an aggregated chunk-level map (top). The adaptive head (left)
allocates attention to a token’s successor only in a matching preceding context; the static head (right) attends to
all past instances regardless of hierarchy. (C) Ablating induction heads severely reduces accuracy and in-context
learning across all LLMs and both sequence orders. (D) Adaptive heads also identify the correct successor in
natural language, whereas earlier static heads attend more uniformly to both candidates. Accuracies in A and C are
averaged over 32 sequences; error bars are SEM.

fling N repetitions of the 3rd order chunks, giving
us a total sequence length of N × P ′ × P × V .
Example prompts for 2nd and 3rd order sequences,
along with task parameters, are shown in Appendix
A.7 and Table 1. We give a formal statement of this
data-generating procedure in Appendix A.1.

4 Induction heads learn to attend
in-context

We evaluated three LLMs from the Qwen2.5 family
(Yang et al., 2024), with 0.5, 1.5 and 3 billion pa-
rameters, on the synthetically generated sequences
from the three levels of hierarchy described in Sec-
tion 3. We focus on the Qwen2.5 family in the main
text because it spans several sizes with a consistent

architecture, letting us study how qualitative effects
(e.g. the behavior of individual heads) scale with
model size; our findings replicate across Gemma2,
Llama3.2, SmolLM3 and Qwen3 (Appendix C).
Notably, since the sequences were composed of
random tokens from the vocabulary and were gen-
erated using the procedure above, they never resem-
bled natural language text. Despite this, all models
learned to predict the sequences accurately through
in-context learning (see Fig. 2 A). This suggests
that there are dedicated circuits for discovering and
predicting structured data patterns, even if the data
do not resemble natural language.

Next, we assessed if the models had induction
heads that learned to attend to the correct successor
tokens in-context. To do this we first determined
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which of a model’s attention heads were induction
heads. Following (Olsson et al., 2022), we classi-
fied induction heads based on the normalized dot
product between each attention head’s attention
matrix and an ideal induction head mask, in which
each token attended to their past successor token,
for a sequence with random tokens repeated twice
(see Appendix A.3) (Olsson et al., 2022). This
analysis left us with a pool of induction heads per
model. We then assessed whether these heads at-
tended to successor tokens from the correct context,
which we formalize in Appendix A.2.

Remarkably, in all models we evaluated we dis-
covered several induction heads that learned to
attend to the correct successor tokens in-context,
based on the above criterion for correctness. Over-
all, this shows that more sophisticated induction
heads exist in LLMs. Induction heads that learned
in-context were located in later layers, whereas in-
duction heads that did not show signs of learning
were embedded in earlier layers (we quantify this
depth–learning relationship in Appendix A.8, find-
ing that deeper induction heads learn significantly
better, with ρ = .39 for 2nd-order and ρ = .64 for
3rd-order sequences). We showcase example atten-
tion maps of both adaptive, or learning, induction
heads as well as their static counterparts in Fig. 2B.
We also repeated this analysis for 2nd and 3rd order
sequences with randomly sampled chunk lengths
to control for positional periodicity as per (Wang
and Sato, 2025) in Appendix A.4.

4.1 Induction head learning explains
in-context learning in our task

Next we assessed whether induction heads were
responsible for the LLMs learning to predict our
synthetic token sequences in-context. To test this
we ablated all induction heads by setting the out-
put of these heads’ self attention mechanism to a
vector of zeros. As a control condition we repeated
this experiment, but ablated an equal number of
randomly sampled non-induction heads. We con-
firmed that the induction heads were responsible
for the in-context learning in the LLMs. When they
were ablated, the 0.5B and 1.5B parameter models
predicted tokens at chance level. The 3B param-
eter model was still better than chance after the
ablation, but its performance was severely reduced.
The control ablation on the other hand produced
small or negligible reductions in accuracy (see Fig.
2C).

4.2 Natural language example

Finally, to verify that the adaptive mechanism op-
erates in natural language, we evaluate Qwen2.5-
1.5B on a simple sentence construct. As noted
above, tokens like the or prefixes like San (San
Francisco) and New (New York) can take many suc-
cessors within a single text:

Prompt

I visited San Antonio and saw the Alamo,
and San Francisco where I saw the Golden
Gate bridge. After seeing the Alamo I real-
ized how much I liked San [PREDICTION]

If induction heads are to aid prediction here,
the model must use context (from the prompt or
pretraining) to direct the San token to the correct
Antonio token. We inspected two induction heads:
Head 19-31, which learned strongly on the syn-
thetic task, and Head 2-3, which did not. The adap-
tive head attends more to Antonio than Francisco,
whereas Head 2-3 attends roughly equally to both
(Fig. 2D). Aggregate evidence over 32 prompts is
given in Appendix A.9.

5 Learning the building blocks of the
hierarchy

So far we have shown that LLMs predict struc-
tured, hierarchical patterns in-context using induc-
tion heads that learn what to attend to. But explain-
ing in-context learning through another in-context
learning mechanism raises the question: how do
induction heads themselves learn? In our 2nd-order
sequences, the token transitions are determined by
the structure of the P 2nd-order chunks (α, β, . . . );
in 3rd-order sequences, by both the 2nd- and 3rd-
order chunks. If the model represents which latent
context a token belongs to, it can form keys and
queries that let induction heads attend to the appro-
priate successors. To test whether the models re-
cover these latent contexts, we trained linear probes
to decode, from a token’s representation, whether
its latent context (e.g. α) was identical to that of
the previous context.

We trained probes to decode this binary variable
from token representations associated with each
attention head z. Specifically, each attention head
produces a representation for each token zi, which
is the sum of all J tokens’ value vectors vj multi-

1We index attention heads as layer-head, both 0-indexed.
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Figure 3: Linear probes decoding, from each head’s
representation (Eq. (1)), whether the previous 2nd/3rd-
order chunk matched the current one. Lines show the
max test decodability per layer. 2nd-order decodability
is high for all models; 3rd-order decodability improves
with model size. Error bars are SEM over 10 train/test
splits.

plied with how much token i attends to token j in
that particular head ai,j :

zi =
J∑

j=0

ai,jvj (1)

Probes were trained on z averaged within each
context and evaluated on a held-out set; high accu-
racy indicates the representation encodes whether
the previous n-order chunk matched the current
one.

Many heads produced representations encod-
ing these 2nd- and 3rd-order chunk identities (Fig.
3); we name these context matching heads. Sev-
eral showed 2nd-order decodability above 90%.
3rd-order decodability was lower but well above
chance, and always emerged in later layers than the
high-2nd-order heads, consistent with the models
building 2nd-order representations before 3rd-order
ones.

5.1 Building blocks are learned by context
matching heads

What do the attention maps of these context match-
ing heads look like? In Fig. 4 we visualize two
heads from Qwen2.5-1.5B with > 90% 2nd-order
decodability, evaluated on shorter 2nd- and 3rd-
order sequences. Head 13-4 makes each token
attend to its predecessor. Such predecessor heads
are known to pair with induction heads, theorized
to copy previous-token representations forward to
enable the induction mechanism. Our analyses
suggest a more general role: by iteratively routing
information from past tokens, they build up the
current token’s latent context, which is why 2nd-
and 3rd-order chunk identities are decodable from
them. We also find a variant (Head 14-8) in which

tokens attend not only to their direct predecessor
but to the N preceding tokens.

We hypothesized that such heads create the
latent-context representations that let induction
heads attend to the right context. To test this, we ab-
lated head 13-4 (the off-diagonal, look-one-token-
back head with > 90% decodability) and exam-
ined induction head 14-3 in the next layer. If 13-4
only copied previous-token information, ablating
it should reduce 14-3’s attention to successors in
general. Instead, 14-3 still attended to successors
but almost entirely lost its ability to attend to the
correct context (Fig. 6). This indicates that the
one-token-back mechanism integrates higher-order
contextual cues, much as chains of such heads can
route distal context forward like a sliding-window
mechanism (Beltagy et al., 2020).

Mechanistically, context matching heads write
the token’s current context into the residual stream;
adaptive induction heads then use this to update
their query and attend only to keys sharing that
context, resolving bi-gram ambiguity.

5.2 In-context learning suffers from ablating
context matching heads

To test more broadly whether context matching
heads drive the in-context learning of induction
heads, we zeroed out the output of all context
matching heads (latent-context decoding score >
85%) and measured the effect on LLM prediction
accuracy and induction-head attention accuracy,
comparing against ablating an equal-sized random
population of other heads (see A.5). Scores are
averaged over 32 samples.

Ablating context matching heads sharply re-
duced prediction accuracy across all models, far
more than ablating random heads, whose effect
was almost negligible for Qwen2.5-0.5B (Fig. 5,
left). The induction heads’ in-context learning also
dropped consistently across 2nd- and 3rd-order se-
quences (Fig. 5, right), indicating that induction
heads learn with the help of context matching heads
that peer back to infer the latent token-to-token tran-
sitions.

6 Depth enables hierarchical chunk
learning

Our mechanistic account makes a direct architec-
tural prediction: because the circuit must stack
context matching and induction across levels of
the hierarchy, learning 3rd-order dependencies in-
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Figure 4: Two context matching heads with high latent-context decodability in Qwen2.5-1.5B, each shown with
token-to-token transitions (bottom) and aggregated chunk-to-chunk relationships (top). Head 13-4 makes each
token attend to its direct predecessor, propagating previous-token information forward to support the induction
mechanism. Head 14-8 instead propagates information from longer chains of tokens, potentially letting induction
heads match n-grams before attending to successors from the appropriate context.

context should require sufficient depth. In principle,
a 2-layer circuit whose first-layer context-matching
head recognizes all n-grams/chunks could already
solve our tasks (Akyürek et al., 2024; Varre et al.,
2025). Empirically, however, 2-layer Transform-
ers (40M parameters, 16 heads/layer) are poorly
suited to learning novel 3rd-order dependencies,
whereas 4-layer Transformers (40M parameters, 8

heads/layer) are not. Training both from scratch
on procedurally generated 3rd-order sequences (3
seeds, novel sequences at each step; fixed and vari-
able chunk lengths) for 8 billion tokens, we find
that the 2-layer model is substantially worse at
next-token prediction (Fig. 7A) and, crucially, fails
to develop induction heads that attend to succes-
sors from the correct 3rd-order context, unlike the

Figure 5: (Left) In-context predictive accuracy suffers from ablating context matching heads, far more than from
ablating equally many random non-context-matching heads, across all models. (Right) Induction-head accuracy at
attending to successors from the correct context drops similarly. Lines are means over 32 sequences; error bars are
SEM.
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Figure 6: Ablating a single context matching head
sharply reduces the subsequent induction head’s ability
to attend to successors in the correct context, while leav-
ing its attention to successors in general mostly intact.
Heatmaps show head 14-3 on an example sequence;
lines are means over 84 2nd-order sequences (chance
33%).

Figure 7: Depth is required for 3rd-order in-context
learning. (A) 4-layer Transformers outperform 2-layer
Transformers when trained from scratch to predict 3rd-
order chunks in-context. (B) The 4-layer models de-
velop adaptive induction heads like the pretrained LLMs,
whereas the 2-layer models do not.

4-layer model (Fig. 7B). The adaptive induction
circuit is thus not only present in large pretrained
LLMs but emerges with depth, indicating that suffi-
cient depth is necessary for hierarchical in-context
learning.

7 Conclusion

We make two contributions to understanding in-
context learning in LLMs. First, LLMs learn hier-
archical repetitive structures using induction heads
that learn what to attend to in-context. Second,
these induction heads learn through an accompany-
ing circuit of context matching heads that recover
the latent contexts underlying the token transitions:
they make tokens attend to preceding tokens, or
to longer chains of them, routing information that
lets induction heads query successors with simi-
lar preceding chains. Induction heads thus offer a
unifying account of how LLMs predict in-context
patterns, including natural-language cases such as
the token the, which precedes many nouns.

Limitations

While we have argued that induction heads, with
the supporting context matching heads, can give

a unifying account of LLMs’ ability to induce
repetitive structures with hierarchical dependencies,
there are other types of in-context learning that we
have not explored. For instance, problems from
the Abstraction and Reasoning Corpus (Chollet,
2019) require LLMs to learn abstract relationships
between tokens in few examples. It is unclear if
our proposed circuit is powerful enough to induce
abstract relationships like these. Our study paves
the way for future work to study induction head
behavior in settings such as these.
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A Appendix: Implementation details

A.1 Synthetic data generation

The parameters that were used to generate the syn-
thetic data are shown in Table 1. The sequence
parameters were shared across learning, ablations,
and decoding experiments. The P ′ parameter was
only used to generate the 3rd order sequences. In
the 3rd order sequences, the length of the 2nd order
chunks (V ) was halved to avoid prohibitively long
sequences. We used a larger batch size in order
to train the linear probes for the decoding analy-
sis. For the qualitative demonstrations (i.e., Fig. 1,
2B, 4, 6, 9) we used shorter sequences. Example
prompts for both 2nd and 3rd order sequences are
shown in Fig. 9.

Formal task definition. Let V be a set of V to-
kens randomly sampled from the model’s vocabu-
lary, let Π(X ,m) denote a set ofm unique permuta-
tions of a sequence X , and let ⊕ denote concatena-
tion. For 2nd-order sequences, we define P unique
2nd-order chunks C(2) = {c1, . . . , cP } ⊂ Π(V, P )
and randomly shuffle N repetitions of each chunk;
if zt ∈ {1, . . . , P} is the chunk index at step t, the
resulting sequence is S(2) =

⊕N×P
t=1 czt . For 3rd-

order sequences, we define P ′ 3rd-order chunks
as unique permutations of the 2nd-order chunks,
C(3) = {C1, . . . , CP ′} ⊂ Π(C(2), P ′), and analo-
gously concatenate N shuffled repetitions of these
higher-order chunks.

A.2 Learning head classification

We assessed whether attention heads attended to
their successor tokens from the correct contexts.
This was done in a cross-validated approach. In
each of the 32 folds, we identified the top 5 per-
forming heads from 31 runs and evaluated those
heads in the held-out run. For 2nd order sequences,
we calculated how often a token at attended to a
successor of at′<t where at′<t was embedded in
the same type of 2nd order chunk. For 3rd order
sequences, we designed a stricter criterion for learn-
ing. We calculated whether tokens that marked pre-
dictable transitions between 2nd order chunks at-
tended to successor tokens from previous instances
of the same 3rd order chunk.

We refer to these heads as adaptive induction
heads, and formalize the matching criterion at the
level of chunks. For an attention matrix A, where
au,v denotes the attention from token u to token v,
we compute a chunk-level matrix B whose entry
Bi,j is the mean attention from the tokens of the
current chunk i to the tokens of a past chunk j:

Bi,j =
1

V 2

∑

u∈chunk i

∑

v∈chunk j

au,v. (2)

An induction head correctly matches the latent con-
text at chunk i if the most attended past chunk
j∗ = argmaxj<iBi,j shares the current chunk’s
latent identity, i.e. Accuracyi = ⊮[zi = zj∗ ].
Equivalently, a head is correct when it attends most
to a past token xt′+1 whose N preceding tokens
match those preceding xt. An induction head is
adaptive if this accuracy improves as more chunk
repetitions accumulate in-context, and static other-
wise.
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Experiment Batch Size N P P ′ V

Learning & Ablation 32 8 4 4 8 (4 for 3rd order sequences)

Decoding 64 8 4 4 8 (4 for 3rd order sequences)

Table 1: The parameters used to generate the synthetic data.

A.3 Induction head classification

We identified the induction heads following (Ols-
son et al., 2022). To calculate the score for each
attention head (l, h), we constructed an input se-
quence S = [A,A], where A is a sequence of L
randomly selected tokens. The idealized attention
pattern for an induction head, requires that for any
token Ai in the second sequence block, the atten-
tion at that position focuses on the token Ai+1 in
the first sequence block. We construct an idealized
induction pattern matrix M.

The induction head score for head (l, h) is then
calculated as the normalized dot product between
the head’s actual causal attention matrix Al,h (flat-
tened over the non-zero indices of the causal mask)
and the flattened ideal induction mask M. The
score is bound between 0 (no induction) and 1 (per-
fect induction). We classify heads with a score
≥ 0.4 as induction heads.

A.4 Variable Chunk Lengths

We extended our analyses of our fixed length 2nd
order and 3rd order chunks and analyzed whether
the Qwen models were able to predict these types of
sequences when we randomly sampled the chunk
lengths for each sequence we generated. Again,
evaluating across 32 sequences, we see that all
models are able to predict the next token in-context.
Moreover, their induction heads show a similar
level of accuracy in this setting as in the fixed chunk
length condition (see Fig. 8).

A.5 Control ablations

To establish a controlled comparison for the abla-
tions, we ablated an equal number of random heads,
ensuring that they were layer-matched with the ab-
lated context matching heads. If a layer did not
have enough heads, sampling was done from adja-
cent layers. If still insufficient, the threshold was
progressively relaxed. If there still was a shortfall,
the remaining heads were randomly sampled from
any layer.

A.6 Decoding analysis
To assess whether the models represented the latent
generative contexts, we trained probes to decode
from the outputs of each attention head whether a
chunk of tokens were generated by the same latent
context as the previous chunk of tokens. To obtain
the input variables to our decoder we therefore aver-
aged token representations within a context. Next,
we optimized an L2-regularized logistic regression
model using the scikit-learn library (Pedregosa
et al., 2011). We used 75% of the data to train
the classifier and the remaining 25% to test it. We
repeated this procedure using 10 different seeds.
Due to the structure of the sequences, the previous
context and the current context were more likely to
be different, creating a class imbalance. Therefore,
the accuracy scores reported in Fig. 3 are balanced
accuracy scores.

A.7 Prompt visualization
A.8 Early vs. late induction heads
Induction heads are found throughout different lay-
ers of language models. Here, we tested whether
induction heads that appear later show stronger
learning. In Fig. 10 is plotted the depth of in-
duction heads (with induction head score ≥ .4)
against learning scores in hierarchical sequences,
as described in 2. We found that induction heads
that are deeper in models show stronger learn-
ing both in 2nd (ρ = .39, p = 0.017) and 3rd
(ρ = .64, p < 0.001) order sequences.

A.9 Natural Language
We tested whether adaptive induction heads are
successful in resolving ambiguities in natural lan-
guage. We carried out the same analysis presented
in Section 4.2. We provided Qwen2.5-1.5B with
16 unique sentences, where the ambiguity of which
token to predict next can only be solved based on
the previous context. With counterbalancing the
order of the examples, we had 32 different test
cases, whose results are shown in Fig. 11, provid-
ing further evidence that adaptive induction heads
can infer which token to attend to from the context
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Figure 8: Language model and induction head accuracies per repetition in the variable chunk length setting. Lines
are averages of 32 samples, error bars represent the standard error of the mean.

Figure 9: Example prompts. On the upper row are two second order sequences with three unique tokens, three
unique chunks, and three repetitions. Tokens are separated by a vertical bar. The colors of the tokens indicate
to which unique chunk they belong to. On the lower row are third order sequences, which additionally include
three unique higher order chunks. Here we use different background colors to denote different unique higher order
chunks. The sequences are split into new lines in the figure only for illustrative purposes.

in ambiguous cases. We provide the prompts that
were used in Table 2.

B Appendix: Additional analyses

B.1 Consistency of learning heads

As described in 4, the reported learning scores in
Fig. 2 A are calculated in a cross validated fash-
ion. In Fig. 12, we show that the top 5 identified
learning heads are near perfectly consistent across
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# Prompt Correct Wrong

1 My cousins are David Chen and David Lee. I needed to speak with the
one whose last name is only three letters long, so I called David . . .

Lee Chen

2 Both the Statue of Liberty in New York and the French Quarter in New
Orleans are famous tourist attractions. Because I love southern cuisine, I
decided to visit New . . .

Orleans York

3 The gift box contained an Apple Watch and an Apple iPhone. The item
designed to be worn on the wrist was the Apple . . .

Watch iPhone

4 The report was on the Bank of America and the Bank of Canada. Since
the focus was on Canadian financial institutions, I wrote about the Bank
of . . .

Canada America

5 The curriculum covered both World War 1 and World War 2. The exam
question was about the earlier of the two conflicts, which was World War
. . .

1 2

6 The hotel room had a king-size bed and a king-size pillow. The large piece
of furniture I slept on was the king-size . . .

bed pillow

7 I like reading both Stephen Hawking and Stephen King. Yesterday, I felt
more like reading fiction, so I read Stephen . . .

King Hawking

8 The lecture contrasted the composers John Lennon and John Williams. I
don’t like the Beatles, so I focused more on John . . .

Williams Lennon

9 I visited San Antonio and saw the Alamo, and San Francisco where I saw
the Golden Gate Bridge. After seeing the Alamo, I realized how much I
liked San . . .

Antonio Francisco

10 They had oat bar and oat milk for breakfast. I don’t like drinking anything
in the mornings, so I took the oat . . .

bar milk

11 My granddad likes flowers and my grandmum likes chocolate. Therefore,
I will gift this flower to my grand. . .

dad mum

12 He asked whether I like best of 5 or best of 3 matches more. I get tired
quickly, so I said best of . . .

3 5

13 Between the two, planet Fulty has less sunlight than planet Julty. Because
I like the sun, I like going to planet . . .

Julty Fulty

14 She could either practice her backhand or backspin. Since she already
practiced her backhand yesterday, today she worked on her back. . .

spin hand

15 I split my time between Bad Tölz and Bad Homburg. I love Bad Tölz in
the winters. Since it is now July, I am in Bad . . .

Homburg Tölz

16 I like drinking caffè Americano in the morning and caffè mocha in the
afternoon. It is now 3 PM, and I would like to drink caffè . . .

mocha Americano

Table 2: The natural language prompts that were used to test the induction heads. Corresponding correct and wrong
answers are also provided.
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Figure 10: Induction heads that appear deeper in models are better at learning hierarchical sequences.
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Figure 11: Adaptive induction heads attend to the correct tokens in ambiguous situations. Static induction heads do
not have such a preference.

folds. B.2 Effects of noise, token frequency, and
periodicity

We ran a series of additional experiments to test
the robustness of our findings. First, we introduced
noise into the sequences, where for each token there
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Figure 12: Both in second and third order sequences, the identified learning induction heads and the generic
in-context learning heads are consistent across runs.

was a probability of it being randomly changed. As
can be seen in Fig. 13, the performance of the
models and the induction heads decay gradually as
a function of noise.

We additionally tested whether our findings de-
pend on using rare vs common tokens. First, we
iterated through approximately 50,000,000 tokens
sampled from FineWeb-Edu (Penedo et al., 2024)
to identify the most common and least common
tokens that appear at least once in a standard pre-
training dataset. We then constructed 2nd and 3rd
order sequences like described in the main text. 32
sequences were constructed by sampling from the
4162 most common tokens, and 32 from the least
common 79331 tokens. As can be seen in Fig. 14,
the accuracy differences between the conditions are
small.

C Appendix: Replication with other
Language Models

To assess the general validity of the proposed cir-
cuit, we investigated if other open-source LLM
families showed the signs of the same algorithmic
implementation of hierarchical in-context learning.
To this end, we conducted a subset of our exper-
iments in exactly the same manner on four new
LLMs, Gemma2-2B (Team et al., 2024), Llama3.2-
3B (Dubey et al., 2024), SmolLM3-3B (Bakouch
et al., 2025) and Qwen3-0.6B (Yang et al., 2025a).
Specifically, we sought to assess 1) if these models
also have induction heads that learn in-context. 2)
if these models have context matching heads from
which one can decode the latent generative contexts
in our task. And 3), if these context matching heads
were causally involved in the in-context learning
ability of the induction heads. To evaluate the last
point, we again ablated all context matching heads
whose latent context decodability was higher than
85%, and observed how this affected model accu-
racy and induction head accuracy. We also ablated
random heads as a control condition, exactly like in
Section 5.1. The results presented for the Qwen2.5
models generally reproduced with striking levels
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Figure 13: The performance of the models and the induction heads decay gradually as a function of noise.

of consistency. All models had induction heads
that learned in-context, had heads that encoded the
latent generative contexts, and that were causally
linked to the in-context learning ability of the LLM
and the induction heads more specifically. The re-
sults are shown individually for each model below.

C.1 Statistical testing and 3rd-order variance
We compared context-matching against random-
head ablation with a paired permutation test
(10,000 sign flips of the per-sequence accuracy dif-
ference across the 32 sequences, one-sided). Con-
text matching ablation significantly outperformed
the random control in 6 of the 8 conditions.

While the 2nd-order adaptive induction circuit
is robustly identified across all model families, the
3rd-order results exhibit higher variance. In Llama-
3.2-3B and Gemma-2-2B, the baseline 3rd-order
induction accuracy is lower than in Qwen, and the
ablation of context matching heads, while direc-
tionally consistent, is not always statistically signif-
icant. Three 3rd-order tests were non-significant:
the Gemma induction head (context-matching ab-
lated: 0.301 vs. random ablated: 0.296, p = 0.72),
Llama LM prediction (0.393 vs. 0.438, p = 0.30),
and the Llama induction head (0.219 vs. 0.244,
p = 0.17). This suggests that while the founda-
tional hierarchical circuit is universal, models vary
in their ability to recursively stack this mechanism
for deeper dependencies.

118



Figure 14: The accuracy differences between the high frequency and the low frequency token sequences are small.

Figure 15: Experimental evaluation on Gemma2-2B.
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Figure 16: Experimental evaluation on Llama3.2-3B.

Figure 17: Experimental evaluation on SmolLM3-3B.

120



Figure 18: Experimental evaluation on Qwen3-0.6B.
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