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Abstract

The sudden emergence of induction circuits
and the ability to perform in-context copying
in LLMs coincides with a sharp drop in train-
ing loss over a short span of the training pro-
cess. This co-occurrence has been cited as ev-
idence that it marks the point at which a wide
range of in-context learning (ICL) capabilities
begin to emerge. To analyze the training dy-
namics of few-shot abstractive ICL capabilities
(i.e., tasks where the answer is not contained
in the input context), we propose HAPAX, a
training regime that omits the loss contribution
of tokens predictable by the induction circuit
to control training pressure for copying. Us-
ing this intervention, we find that abstractive
ICL capabilities can still emerge, despite a sub-
stantial reduction in inductive copying and the
absence of the characteristic phase changes ob-
served during Vanilla training. Analysis of at-
tention heads shows that HAPAX-trained mod-
els develop fewer and weaker induction heads.
Together, these results suggest that the devel-
opmental link between emergent phenomena
associated with induction circuits and the emer-
gence of abstractive ICL is weaker than pre-
viously hypothesized. More broadly, HAPAX
provides a controlled framework for analyzing
how copying-related training signals shape the
development of in-context learning.

1 Introduction

Language modeling is fundamentally repetitive:
in a coherent document, many sequences appear
more than once, like “the Dursleys” in Harry Pot-
ter, or “public static void” in Java code. Words
that do appear only once in a given text are so rare
that corpus linguists give them a special name, ha-
pax legomena, transliterated from Ancient Greek
for “said once”. Prior work has identified induc-
tion heads (Elhage et al., 2021), attention heads
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Code, model checkpoints, and evaluation data can be found at
https://hapax.baulab.info
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Figure 1: An overview of the HAPAX training regime.
To suppress inductive copying, we introduce HAPAX
where positions predictable by induction heads within
a context window do not contribute to the loss (gray
positions).

that exploit this repetition by matching patterns
from earlier context and copying their continua-
tions. Olsson et al. (2022) observed that the emer-
gence of induction circuits, where many attention
heads rapidly attain high prefix-matching scores
and inductive copying capabilities within a narrow
training window, coincides with an increase in ICL
performance. They hypothesized that this phase
change marks the emergence of a wide range of
ICL capabilities, driven by the formation of induc-
tion circuits.

Subsequent work has found other attention heads
that are causally more important for various ICL ca-
pabilities (Todd et al., 2024; Feucht et al., 2025; Yin
and Steinhardt, 2025). Yin and Steinhardt (2025)
find that function vector heads are causally more
important than induction heads for ICL task perfor-
mance, but provide correlational evidence that the
attention heads with high prefix-matching scores
later transform into other ICL-related heads during
training. In order to understand the implications
of the phenomena observed with the emergence
of induction circuits, a causal intervention on the
training process is necessary.

A natural thought experiment to analyze the
training dynamics is to ask what would happen
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to ICL capabilities if every n-gram within a Large
Language Model’s (LLM) context window were a
previously unseen hapax legomenon, removing the
very repetition that induction heads exploit.

Our contributions are as follows. (1) We intro-
duce HAPAX, a novel training regime which pro-
vides a causal methodology for analyzing the emer-
gent phenomena associated with induction circuits.
(2) Using HAPAX, we provide an alternative view
of ICL training dynamics in LLMs: despite the
absence of the characteristic phase change and a
substantial drop in inductive copying capacity, ab-
stractive ICL capabilities are retained. (3) We show
that the token-loss difference metric, previously
used to track ICL emergence, primarily reflects
gains from inductive copying, and propose comput-
ing it over non-extractive token positions to track
abstractive capabilities. (4) Together, our results
show that the few-shot abstractive ICL capabilities
can develop without the canonical induction-circuit
phase transition observed under standard training.

2 Preliminaries

Following Todd et al. (2024), we distinguish extrac-
tive ICL tasks, where the model must extract the
answer from the input, (e.g., “foil car purple : foil,
pen cloud window :” — “pen”), from abstractive
tasks, where the model needs to generate new an-
swers rather than copying (e.g., “Greece : Athens,
China : Beijing, Egypt” — “Cairo”). Abstractive
tasks cannot be solved by copying from context,
making them a natural testbed for our interest in
the emergence of non-copying based ICL tasks.
Induction circuits provide a mechanistic account
of copying-based ICL behavior. Induction circuits
consist of three steps: (1) previous token heads that
allow each token to store which token came before
it, (2a) induction heads that attend to the previous
token information in earlier contexts, resulting in
a “prefix-matching” attention pattern, and (2b) in-
creasing the probability of the attended token in the
output, which we refer to as inductive copying (Fig-
ure 2). Formally, given input tokens (z1, ..., x;),
induction circuits operate by searching for tokens
that hold information of the current token z; (i.e.,
searching ;1 where x; = x;, © < j) (Elhage
et al., 2021). If there is a matching z; 1, the induc-
tion head increases its logit for the next prediction.
To quantify prefix matching, we use the score
from Nanda and Bloom (2022). On a sequence
x = (rire...rsrire...7s—1) of randomly sam-

pled tokens repeated twice, the prefix-matching
score for head (I, h) is

1 s—1
PrefixMatching(l, h) = ] E Ail_;_";')l‘_i_l (1
S —_ K
i=1

where A" is the attention map of the attention
head at layer [ and index h.

3 HAPAX

3.1 Training Protocol

HAPAX masks the loss contribution of induction-
predictable positions, i.e. positions where the cor-
rect token can be retrieved by copying the continu-
ation of an earlier matching bigram, reducing the
training pressure for inductive copying. Single-
token repetitions are not masked because they can-
not be predicted by induction.

Formally, let x = (z)ics be an input se-
quence of tokens from vocabulary V, where S =
{1,2,...,T} denotes the set of all token positions
and z; € V for all t € S. The probability assigned
by the model to the correct prediction at a position
t is defined as:

po(xi|r<t) = softmax(fo(x<t))a, 2)

where fy denotes the model with parameters 6. We
define the set of masked positions as:

M={je8:31<i<jsuchthat

(i1, 5) = (wj-1,25) }.

3)

The set of unmasked positions is then i/ = S\
M. We compute the HAPAX loss, a negative log-
likelihood, only over the unmasked positions:

1
['Hapax - _W g{ log Do (mt‘x<t) (4)

We train Vanilla and HAPAX 1B models from
scratch using the transformers library (Wolf et al.,
2020) implementation of GPT-NeoX (Andonian
et al., 2023). We use the same hyperparameter and
training configuration as the Pythia models (Bider-
man et al., 2023). We use the Pile dataset to train
our models (Gao et al., 2020). We train our models
for 19900 steps. Using the estimates of Hoffmann
et al. (2022), a 1B-parameter model reaches the

'Results reported in the text include only the subset of
tasks with statistically significant differences (p < 0.05, Mc-
Nemar’s test) unless stated otherwise.
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Figure 2: Demonstration of the induction circuit. Previous token heads allow each token to store which token came
previously. Induction heads do a match-and-copy operation to reproduce the subsequence that appeared earlier in

the context.

compute-optimal regime after training on approx-
imately 20.2B tokens. Our main 1B Vanilla and
HAPAX models are trained beyond this threshold.
Checkpoints are saved every 100 steps, and eval-
uations are computed from step 100 through step
19900. The training data consists of 41.7B tokens,
of which 13.2B (31.7%) tokens are masked for the
HAPAX model due to loss masking. Our main re-
sults are based on a single random seed for each
training condition, following the Pythia training
configuration and its default seed (1234). We also
train two supplemental runs (seeds 1337 and 2807)
under a different precision and GPU ecosystem,
whose details can be found in Appendix G.
Reported confidence intervals are computed us-
ing a normal approximation over evaluation exam-
ples. Further training variants that we explored but
found ineffective are provided in Appendix E to
inform future work on training dynamics of LLMs.

3.2 Similarity-Thresholded HAPAX

Certain token pairs can have a high cosine simi-
larity in the input embedding space. As an exam-
ple, the tokens “National" and *“ National" (with a
leading space) have a cosine similarity of 0.84 in
the input embedding space of the vanilla model.
Although they are not exactly the same token,
the model can still acquire a high copying signal
through these similar tokens. Referring back to
Equation 3, we modify the exact matching with a
thresholded matching logic to create a stricter sup-
pression. We mask a position if the corresponding
tokens have a cosine similarity higher than 7:

M={jeS:Fi<jst Seos(€e; sz, )
> 7 and Scos(€z;,€2,) > T} (5)

where e, refers to the embedding for the token
x;. We choose 7 = 0.3. Consequently, 21.8B
(52.5%) out of 41.7B tokens are masked for the
Thresholded-HAPAX model. This variant allows us
to test whether the copying-related training signals
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Figure 3: Repetition performance in both random to-
ken and natural text settings. HAPAX models struggle
with repetition, which is solvable with induction circuits.
This shows the HAPAX training can control copying
behavior. Accuracy is measured over 1000 randomly
generated samples with s = 25.

are effectively reduced in HAPAX. However, be-
cause this criterion masks substantially more token
positions than exact-match HAPAX, it also risks
removing useful non-copying training signal; we
therefore treat it as a more aggressive stress test.
See Appendix B for details.

4 Effects of HAPAX on ICL

In the following sections we verify that HAPAX
suppresses inductive copying but abstractive ICL
capabilities emerge despite the substantial reduc-
tion in inductive copying. We further analyze loss
values throughout training and find that abstrac-
tive capabilities emerge even without the charac-
teristic phase shift in loss observed for the vanilla
model. Comparisons reported in the text include
the tasks with statistically significant differences
(p < 0.05, McNemar’s test; see Appendix F for
our test choice).

4.1 Suppression of Inductive Copying

We evaluate inductive copying on a random repeti-
tion task where the model is given 1000 sequences
of random repeated tokens 7172 ... 7712 .. . Ts_1
and is expected to predict rs. This synthetic task
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does not occur in natural language but is solvable
through the induction circuit. Figure 3 demon-
strates that HAPAX causes a major drop in random
repetition performance. The HAPAX model ex-
periences a 66% drop and Thresholded-HAPAX
experiences an 89% drop in accuracy relative to
the vanilla model at the end of training. We also
evaluate performance on natural text repetition in
Figure 3, where the models are given 1000 se-
quences of the form riry...7sr17r2 ... 75—1 with
rira . .. 1rs taken from whole sequences in the Wiki-
Text dataset (Merity et al., 2017). Natural text
repetition accuracy decreases over time, suggest-
ing the model’s increased incentive to not repeat
natural text. The initial increase of natural text rep-
etition is due to the model’s increased language
modeling capacity, as a non-repeated sequence
T1732 ...Ts—1 has the same initial accuracy for the
HAPAX model (Figure A11) as the maximum at-
tained natural text repetition accuracy. For extrac-
tive tasks, HAPAX and Thresholded-HAPAX show
reduced performance compared to vanilla on all
but one task with significant differences (Tables
A3, A5). We also observe this reduction in copying
behavior in model generations. See Figure C25 for
examples and Appendix C for fluency evaluations.

Lastly, to test whether the reduction in copying
stems from the specific positions we select or sim-
ply from the number of tokens masked, we add
a Random-Masked baseline that masks the same
number of positions per context but chooses them
at random, using the same configuration and seed,
for the first 5000 steps. Random repetition accu-
racy at step 5000 is 93.7% for Vanilla and 93.5%
for the Random-Masked baseline, but 13.3% for
HAPAX. The reduction in copying therefore can-
not be explained by the number of tokens masked
alone, and the positions selected by HAPAX have
direct influence on the copying signal.

These results provide evidence that the HAPAX
training regime can control inductive copying.

4.2 Abstractive ICL Capabilities

Abstractive tasks require generating information
not contained in the context. We evaluate our mod-
els on 34 abstractive tasks, where 26 are from Todd
et al. (2024) and 8 are word-level translation tasks
from the Open Multilingual Wordnet, accessed via
NLTK (Bird and Loper, 2004) (Appendix D.2). We
organize tasks into categories following the catego-
rization of Hendel et al. (2023) (Table AB).

We evaluate each model under two settings. In

Vanilla vs Hapax: Abstractive ICL Over Training
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Figure 4: The mean absolute gap between the Stan-
dard and Target Excluded evaluation is 4.7% for Vanilla
versus 0.8% for HAPAX over training, demonstrating
that HAPAX is less affected by induction-driven label
copying. The target-excluded curves of both models
emerge at similar times, indicating that HAPAX does not
delay the onset of abstractive ICL learning despite the
reduction of copying.

the standard setting, we use the original 5-shot
prompts. Some tasks from Todd et al. (2024) have
small label spaces, so the target prediction fre-
quently appears in the few-shot demonstrations as
well, and a model can succeed by matching the con-
text’s label distribution rather than by abstractive
generalization. To control for this, we also intro-
duce a target-excluded setting that samples few-
shot examples from data points that do not have the
same target prediction (see Appendix D.3).

Table 1 summarizes abstractive ICL across 34
tasks. Macro-averaged accuracy is 19.5% for HA-
PAX and 20.6% for Vanilla under standard eval-
uation, and 22.1% and 15.1% respectively under
target exclusion. At the task level, 22 tasks show
a statistically significant difference under standard
evaluation (13 favoring HAPAX, 9 favoring Vanilla)
and 28 under target exclusion (26 favoring HA-
PAX, 2 favoring Vanilla). This indicates that part of
Vanilla’s standard-evaluation accuracy comes from
copying target predictions present in the context,
and that abstractive ICL capabilities can emerge
under HAPAX despite the suppression of induc-
tive copying. Consistent with prior work (Todd
et al., 2024; Feucht et al., 2025; Yin and Steinhardt,
2025), we verify in Appendix A.5 that function-
vector and concept heads still develop under Hapax
and function-vector heads remain causally impor-
tant for abstractive ICL.

For Thresholded-HAPAX, 24 tasks show a statis-
tically significant difference under standard evalua-
tion (7 favoring Thresholded-HAPAX, 17 favoring
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Table 1: Abstractive task performance summary at
step 19900 over 34 tasks. Sig. gives the number of
tasks with significant accuracy differences under Mc-
Nemar tests with joint Benjamini—Hochberg correction
(FDR level 0.05). The > Vanilla column gives the num-
ber and fraction of those significant tasks where the
corresponding variant has higher accuracy than vanilla.
Standard does not exclude the target label in few-shot
demonstrations; Target excl. excludes the target label.
Individual task names, accuracies and task category ex-
planations are given in Appendix A.1.

Vanilla vs. HAPAX

Task Category Vanilla Harax Sig. > Vanilla
Algorithmic (n = 8)
Standard 28,6 £09 27.34+0.8 5 1/5 (20%)
Target excl. 25.74+0.8 31.7+0.9 8  7/8 (88%)

Linguistic (n = 4)

Standard 303+22 398+£19 4 4/4 (100%)

Target excl. 303 +22 399+ 1.9 4 4/4 (100%)
Knowledge (n = 11)

Standard 181 +1.2 188+ 1.2 6  4/6 (67%)

Targetexcl. 124+ 1.1 214+£13 9 9/9 (100%)

Translation (n = 8)

Standard 43+04 6.1+05 4  4/4 (100%)

Targetexcl. 43+04 6.1+0.5 4 4/4 (100%)
Sentence-level (n = 3)

Standard 392+1.1 944038 3 0/3 (0%)

Target excl. 47+04 181+1.0 3 2/3 (67%)
All (n = 34)

Standard 20.6 £0.5 1954+0.5 22 13/22 (59%)

Targetexcl. 15.1 £0.5 22.1 £0.5 28 26/28 (93%)

Vanilla) and 26 under target exclusion (16 favor-
ing Thresholded-HAPAX, 10 favoring Vanilla) (Ap-
pendix A.1). Thresholded-HAPAX applies heavier
masking and produces lower standard-evaluation
scores than HAPAX and Vanilla. However, un-
der target exclusion, it achieves higher accuracy
than the Vanilla model on 62% of significant tasks,
which suggests that abstractive capabilities can
emerge despite a stronger reduction in induction
capability.

In Appendix H we report an additional 2.8B com-
parison between Vanilla and HAPAX with similar
trends. Overall, these results allow us to examine
how abstractive ICL changes when inductive copy-
ing is suppressed. Rather than observing broad
degradation of ICL, we find that abstractive capa-
bilities are retained, and Figure 4 shows that Ha-
pax and Vanilla acquire abstractive ICL at similar
points in training under target-excluded evaluation.

S Loss Dynamics Beyond N-gram
Copying

Sections 4.1 and 4.2 show that abstractive ICL ca-
pabilities can emerge under HAPAX despite a sub-
stantial reduction in inductive copying. This raises
the question of whether the loss-based metrics pre-
viously used to track ICL emergence reflect this.

‘We use the token-loss difference metric, which is
defined by the differences of the cross-entropy loss
of arbitrary token positions, conventionally using
the 500" and 50" token positions. Formally, let
L = —logpg(z; | ©<¢) denote the cross-entropy
loss at token position ¢. The token-loss difference
(TLD) between the 50" and 500" tokens is then
given by AT LD = Lsy — Lsg. Intuitively, token-
loss difference measures improvement across in-
creasing token positions. If the loss at token 500
is lower and T LD > 0, it shows that the model’s
predictions improved with increasing context.

Yin and Steinhardt (2025) provided evidence
that at the final checkpoint of a model, the metric
is strongly influenced by induction heads but does
not correlate well with in-context learning task per-
formance. Figure 5 (All Samples) shows that the
Vanilla model exhibits a sudden improvement in
the metric, while HAPAX and Thresholded-HAPAX
appear to worsen over training. As HAPAX models
perform worse at exact copying tasks but maintain
their capabilities on abstractive ICL tasks, our re-
sults demonstrate that the sudden increase in the
metric for the Vanilla model is indicative of the
emergence of inductive copying capabilities (con-
sistent with observations from Lv et al. (2025)),
but lacks indicative power for the emergence of ab-
stractive ICL capabilities. As HAPAX masks 31.7%
of tokens, a substantial fraction of positions in the
data are ones where copying-based mechanisms are
useful, which explains why the data distribution is
dominated by repetition and why this results in a
sudden loss drop as soon as induction is learned.
Additionaly, in Figure 9 at step 5000, the Random-
Masked model reaches a validation loss of 2.70,
against 2.67 for Vanilla and 3.76 for HAPAX. The
gap between Vanilla and HAPAX therefore cannot
be attributed solely to the reduction in supervised
positions.

To investigate this hypothesis further, we pro-
pose evaluating TLD on samples where neither the
500™ nor the 50™ token can be predicted correctly
through inductive copying, alongside a Thresh-
olded variant that also excludes positions pre-
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Figure 5: Comparison of token-loss metrics across training. Unlike the regular (All Samples) TLD, each HAPAX
variant is able to achieve non-trivial ICL capabilities on its corresponding distribution. Since the regular distribution
is dominated by induction-predictable positions, its gains primarily reflect exact copying rather than abstractive
ICL. Computing the metric on targeted subsets thus reveals distinct emergence patterns across the distributions of
interest. Metrics are computed on randomly sampled validation data.

dictable through highly similar tokens (7 = 0.3).

Figure 5 shows that, contrary to the regular TLD
metric, the Vanilla model does not exhibit a sud-
den phase shift on non-extractive samples and is
statistically indifferent to HAPAX. The individual
losses at the non-extractive positions (Figure A13)
are lower and the TLD metric itself is higher in
the HAPAX model compared to the Vanilla model,
showing that despite the reduction in repetition and
inductive copying, the TLD metric improves for
non-extractive samples.

A similar pattern holds for Thresholded-HAPAX,
where the TLD metric is worse on the first two
distributions (since this variant also masks non-
extractive but similar tokens) yet shows an increas-
ing trend on the thresholded variant. Overall, our
results show that the TLD metric, across all vari-
ants, captures the coarse trends of the distribution
on which it is computed, so its implications for
different types of ICL capabilities depend on the
choice of distribution. The regular TLD metric
is dominated by induction-predictable positions,
and evaluating it on different sample distributions
reveals different insights.

6 Development of Prefix-Matching Under
HAPAX

Within Vanilla training, the sudden emergence of
induction heads with high prefix-matching scores
is a well-documented phenomenon (Olsson et al.,
2022). One possibility is that this phase transition
is a developmental prerequisite for abstractive ICL,
where the sharp emergence of prefix-matching is
a necessary transition only after which abstractive
capabilities can be learned. Such developmental
prerequisites have been documented elsewhere; for
example, Chen et al. (2024a) analyzed the sud-

den emergence of Syntactic Attention Structure in
MLMs, and its necessity for the later acquisition of
grammatical capabilities.

We analyze the trajectory of prefix-matching
scores in the Vanilla and HAPAX models. In Fig-
ure 6, the Vanilla model contains 12 out of 128
attention heads that attain a prefix-matching score
over 80%, (See Section 2 for formula) spike early in
training and then decay, while the HAPAX variants
display only a single head that attains above 80%
prefix-matching score. This emergence unfolds
gradually over 1800 steps in HAPAX, in contrast to
the sudden emergence in Vanilla.

Beyond their reduced number and strength,
many remaining attention heads with high prefix-
matching scores in HAPAX also depart from the
canonical induction-head behavior. We apply logit
lens (Nostalgebraist, 2020) to the top 10 attention
heads with the highest prefix-matching score by
taking the corresponding slice of the output matrix
W, for each attention head’s output, then apply-
ing the final layer norm and unembedding matrix
W, to approximate the distribution over tokens
promoted by that head.

As shown in Figure 7, inclusion of the token to
be copied in the top-k promoted tokens worsens
from Vanilla to HAPAX, indicating that reduced
copying behavior also holds at the attention-head
level. This also holds under mean-ablation studies
measuring each head’s contribution to predicting
the target token (Appendix A.2). Among the top
10 attention heads with the highest prefix-matching
score in HAPAX, 6 suppress rather than promote
the correct token (compared to 2 in Vanilla), func-
tionally behaving closer to anti-induction heads
(McDougall et al., 2024; Olsson et al., 2022) than
to regular induction heads (Appendix A.2).
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Figure 6: Prefix-matching scores of attention heads across training. Each line is one head. Opacity is proportional
to peak score attained throughout training (heads with peak < 0.1 omitted). Many heads in the Vanilla model peak
suddenly and then decay (Mean plot), with 12 of 128 reaching > 80% prefix-matching score. HAPAX variants do
not display such a transition and only 1 head in HAPAX ever exceeds 80%.
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Figure 7: Logit lens on top-10 attention heads with the
highest prefix-matching scores on the random repetition
task (Section 4.1). For each head, we measure whether
the target token r; appears among its top-k£ promoted
tokens. Bars show the percentage averaged over the
top-10 attention heads with the highest prefix-matching
scores. Although these heads attend to rs, HAPAX vari-
ants increasingly fail to promote it at the output. See
Figure A 14 for per-head contributions.

Taken together, these findings suggest that ab-
stractive ICL can emerge without the abrupt prefix-
matching phase transition observed during Vanilla
training.

We additionally give supplemental runs with dif-
ferent seeds which differ from the reference in pre-
cision (bf16 vs fp16) and GPU ecosystem (ROCm
vs CUDA). We observe similar qualitative trends in
the emergence of abstractive ICL, prefix-matching
scores, and TLD. See Appendix G for details.

7 Cross-Checkpoint Patching Reveals
Initialization-Level Prefix-Matching
Structure

Under HAPAX, the baseline phase transitions do
not appear, and prefix-matching scores are attenu-
ated. However, prefix matching is not eliminated
entirely. We explore how these patterns can persist
when the training objective removes the loss contri-
bution of induction-predictable positions. One pos-
sibility involves previous-token heads, which can

be learned for reasons beyond in-context copying,
such as detokenization (Lad et al., 2025; Gurnee
et al., 2023; Feucht et al., 2024; Kaplan et al.,
2025). If previous-token information is useful for
reasons other than in-context copying, then later
heads may still exploit this information and pro-
duce prefix-matching patterns even without explicit
optimization for in-context copying. To test this,
we compare the Vanilla model at step 5000 with
the same model at random initialization. At step
5000, layer L4 contains previous-token heads, but
no strong prefix-matching heads appear in L4 or
earlier layers (Figure A20). We patch the layer-L4
output from step 5000 into the randomly initial-
ized model and measure whether later randomly
initialized heads begin to exhibit prefix matching.
Figure 8 shows that adding previous-token informa-
tion increases the maximum prefix-matching score
from 0.076 to 0.122!. The highlighted heads also
rank among the top five prefix-matching heads at
the final Vanilla checkpoint (Figure A18), suggest-
ing that a degree of prefix-matching tendency may
already be present at initialization. We observe a
similar pattern in HAPAX: two of its top three final
prefix-matching heads also increase their prefix-
matching scores in this patching experiment. Since
Vanilla and HAPAX share the same initialization
seed, this overlap suggests that the remaining pre-
fix matching scores can partly reflect initialization-
level attention tendency.

8 Related Work

ICL and Attention Heads Despite being trained to
do simple next-token prediction, LLMs exhibit the
capability to do in-context learning (ICL) (Brown

'Highlighted heads are statistically significant under a
paired t-test comparing each head’s prefix-matching score
to the mean score of all other heads across the same 1000
samples.
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Figure 8: (a) Demonstration of the patching setup. (b) Induction scores for the randomly initialized Vanilla model
before and after patching layer L4 from the step-5000 Vanilla model. At this checkpoint, L4 is the earliest layer
with a strong previous-token head (Figure A20). Patching L4 increases the maximum prefix-matching score from
0.076 to 0.122. Red dots mark the top three prefix-matching heads after patching, which also rank highly at the final
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Figure 9: Validation loss over the first 5000 steps for the
Vanilla, HAPAX, and Random-Masked models. Random
masking removes the same number of positions per
context as HAPAX (31.7% of positions), but selects
them at random. At step 5000 the Random-Masked
model reaches a validation loss of 2.70, against 2.67 for
Vanilla and 3.76 for HAPAX. The gap between Vanilla
and HAPAX therefore cannot be attributed solely to the
reduction in supervised positions.

et al., 2020; Chowdhery et al., 2023), where they
can perform tasks demonstrated in-context “on-the-
fly” without additional training. Early work iden-
tified induction circuits responsible for inductive
copying (Elhage et al., 2021) and analyzed their
influence on ICL (Olsson et al., 2022; Crosbie and
Shutova, 2025), hypothesizing they are the basis
of in-context learning. Subsequent studies found
various attention heads important for ICL, includ-
ing function vector heads that trigger tasks (Todd
et al., 2024), concept induction heads that copy
lexical units (Feucht et al., 2025), semantic induc-
tion heads extracting relations (Ren et al., 2024),
symbolic induction heads inducing over abstract
variables (Yang et al., 2025), and n-gram general-
izations of induction heads (Akylirek et al., 2024).
Other work has studied how data structure shapes
these phenomena, showing that parallel structure
in pretraining data can support ICL (Chen et al.,
2024c). Our work complements prior studies by ex-
amining the training dynamics underlying abstrac-
tive ICL when the training pressure for inductive
copying is reduced, with the goal of better isolating
the role of emergent induction-circuit phenomena.

Training Dynamics and Induction Heads.

In concurrent work, Wang and Murfet (2026)
introduce patterning, a susceptibility-based frame-
work that derives data interventions to steer train-
ing toward a target internal structure. They show
in a 3M-parameter language model that targeted
re-weighting of tokens can accelerate, delay, or
prevent induction formation. They study how to
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control circuit formation. We instead use HAPAX
to suppress copying in order to study abstractive
ICL’s emergence relative to the induction-circuit
phase transition at 1B and 2.8B scale.

Theoretic work on synthetic setups has provided
insights into induction head development and train-
ing dynamics. Several studies analyze phase tran-
sitions where Singh et al. (2024) use clamping
to study subcomponents of induction heads and
their effect on phase changes. Chan et al. (2022)
shows how skewed Zipfian distributions lead to
the emergence of ICL. Bietti et al. (2023) demon-
strates the evolution from global bigram statistics
to induction head solutions over training, and Chen
et al. (2024b); Edelman et al. (2024) further an-
alyze convergence to induction-like solutions in
Markov chain data with Edelman et al. (2024)
demonstrating the different phases where the model
learns more complex strategies with more training.
Minegishi et al. (2025) studies a meta-learning set-
ting to investigate mechanisms in non-exact copy-
ing scenarios. Singh et al. (2025) show that induc-
tion heads can be reused across competing strate-
gies over training. In our work, we instead focus
on a natural language setting and create a data dis-
tribution where induction cannot predict the correct
next token to suppress inductive copying.

Loss Masking. Prior work incorporated loss
masking strategies to prevent memorization for in-
formation of interest (Hans et al., 2024; Kosireddy
and Lucas, 2025). We incorporate a loss masking
strategy to create a distribution which allows us to
suppress induction behavior throughout training.

Repetition. Prior work studied repetition from
the perspective of data distribution and model out-
puts. Zucchet et al. (2025) analyzes how training
data repetition speeds up emergent behavior in lan-
guage models. Aoyama et al. (2026) character-
izes statistical conditions under which induction
heads emerge. Several works analyze the “repeti-
tion curse” observed within models (Hiraoka and
Inui, 2025; Yao et al., 2025). Welleck et al. (2020)
presents unlikelihood loss training to mitigate rep-
etitions in the model. As repetition is closely tied
to induction heads, HAPAX discourages repeated
sequences, aiming to suppress inductive copying
and, as a result, repetition.

9 Conclusion

Our results suggest that the phase transition ob-
served in standard training is closely tied to the

learning of repeated, induction-predictable struc-
ture in the data. When this copying signal is sup-
pressed through Hapax, abstractive ICL capabilities
still develop and are retained, despite the absence
of the canonical phase transition. More broadly, our
approach illustrates how targeted loss masking can
disentangle training dynamics that emerge together
under standard training, letting us test whether a
phenomenon is tied to the capability being studied
or to other predictable structure in the data.

Limitations

HAPAX tests whether the abstractive ICL capabili-
ties studied here can emerge when copying-related
training signal is reduced. The results characterize
this specific question rather than final behavior of
the model across all model sizes, training budgets,
and masking variants. Our main analysis is limited
at the 1B setting with the official Pythia configura-
tion, covering Vanilla, HAPAX, and Thresholded-
HAPAX across training, with the 2.8B run as a scale
check. We also report two seeds in Appendix G,
though they differ from the main run in precision
and GPU ecosystem. Scaling across larger mod-
els, longer training, more seeds, and alternative
masking variants is an important future direction.

Models reach non-trivial few-shot accuracy on
several tasks and remain low on others (e.g., Polish-
English) (Table A2). The comparisons measure
whether HAPAX retains performance comparable
to Vanilla, rather than absolute capability on every
task.

Results are scoped to the few-shot abstractive set-
tings used here. These settings test whether certain
forms of abstractive ICL can emerge despite the
absence of the canonical induction-circuit phase
transition and reduced copying behavior. Other
forms of abstractive ICL which require larger mod-
els or more complex reasoning may exhibit differ-
ent dynamics. Similarly, our experiments show that
function-vector and concept heads emerge and re-
main causally important under HAPAX. Additional
mechanisms may also be at play, which have not
been analyzed within the scope of this work.

The Random-Masked baseline that separates the
effect of masking induction predictable positions
from that of reducing supervision is trained at the
1B setting for 5000 steps. This covers the window
in which the emergence of inductive copying is ob-
servable, but the comparison is not carried through
to the end of training due to computational limits.
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Ethics Considerations

This paper aims to advance the foundational under-
standing of in-context learning mechanisms. While
such research may influence future model devel-
opment and deployment, we cannot meaningfully
anticipate these downstream impacts within the
scope of this work.

Acknowledgments

We thank Andy Arditi, Amir Zur, Arnab Sen
Sharma, Constanza Fierro, and Nikhil Prakash for
valuable feedback and discussions. AB and DB
are supported by the NSF National Deep Inference
Fabric Grant #2408455, and CW and DB are sup-
ported by NSF Research Grant #2403304. SF and
DB and KS$ are funded by a grant from Coefficient
Giving. KS is supported by the Fulbright Program,
which is sponsored by the U.S. Department of State
and Turkish Fulbright Commission. The contents
of this work are solely the responsibility of the
authors.

The authors acknowledge the MGHPCC Al
Computing Resource (AICR), with support from
the Commonwealth of Massachusetts and the
AICR participating institutions, for providing Al
and high-performance computing resources used
in the results reported in this publication. The au-
thors thank the Northeastern University Research
Computing team for their assistance with using the
AICR cluster.

This research used resources of the Oak Ridge
Leadership Computing Facility at the Oak Ridge
National Laboratory, which is supported by the
Office of Science of the U.S. Department of Energy
under Contract No. DE-AC05-000R22725.

References

Ekin Akyiirek, Bailin Wang, Yoon Kim, and Jacob An-
dreas. 2024. In-context language learning: Architec-
tures and algorithms. In Proceedings of the 41st Inter-
national Conference on Machine Learning, volume
235 of Proceedings of Machine Learning Research,
pages 787-812. PMLR.

Alex Andonian, Quentin Anthony, Stella Biderman, Sid
Black, Preetham Gali, Leo Gao, Eric Hallahan, Josh
Levy-Kramer, Connor Leahy, Lucas Nestler, Kip
Parker, Michael Pieler, Jason Phang, Shivanshu Puro-
hit, Hailey Schoelkopf, Dashiell Stander, Tri Songz,
Curt Tigges, Benjamin Thérien, and 2 others. 2023.
GPT-NeoX: Large Scale Autoregressive Language
Modeling in PyTorch.

Tatsuya Aoyama, Ethan Gotlieb Wilcox, and Nathan
Schneider. 2026. Predicting the emergence of induc-
tion heads in language model pretraining. Preprint,
arXiv:2511.16893.

Stella Biderman, Hailey Schoelkopf, Quentin Gregory
Anthony, Herbie Bradley, Kyle O’Brien, Eric Hal-
lahan, Mohammad Aflah Khan, Shivanshu Purohit,
Usvsn Sai Prashanth, Edward Raff, Aviya Skowron,
Lintang Sutawika, and Oskar Van Der Wal. 2023.
Pythia: A suite for analyzing large language models
across training and scaling. In Proceedings of the
40th International Conference on Machine Learning,
volume 202 of Proceedings of Machine Learning
Research, pages 2397-2430. PMLR.

Alberto Bietti, Vivien Cabannes, Diane Bouchacourt,
Herve Jegou, and Leon Bottou. 2023. Birth of a
transformer: A memory viewpoint. In Thirty-seventh
Conference on Neural Information Processing Sys-
tems.

Steven Bird and Edward Loper. 2004. NLTK: The natu-
ral language toolkit. In Proceedings of the ACL In-
teractive Poster and Demonstration Sessions, pages
214-217, Barcelona, Spain. Association for Compu-
tational Linguistics.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, Sandhini Agarwal, Ariel Herbert-Voss,
Gretchen Krueger, Tom Henighan, Rewon Child,
Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens
Winter, and 12 others. 2020. Language models are
few-shot learners. In Advances in Neural Information
Processing Systems, volume 33, pages 1877-1901.
Curran Associates, Inc.

Stephanie Chan, Adam Santoro, Andrew Lampinen,
Jane Wang, Aaditya Singh, Pierre Richemond, James
McClelland, and Felix Hill. 2022. Data distribu-
tional properties drive emergent in-context learning
in transformers. In Advances in Neural Information
Processing Systems, volume 35, pages 18878—18891.
Curran Associates, Inc.

Angelica Chen, Ravid Shwartz-Ziv, Kyunghyun Cho,
Matthew L Leavitt, and Naomi Saphra. 2024a. Sud-
den drops in the loss: Syntax acquisition, phase tran-
sitions, and simplicity bias in MLMSs. In The Twelfth
International Conference on Learning Representa-
tions.

Siyu Chen, Heejune Sheen, Tianhao Wang, and Zhuoran
Yang. 2024b. Unveiling induction heads: Provable
training dynamics and feature learning in transform-
ers. In The Thirty-eighth Annual Conference on Neu-
ral Information Processing Systems.

Yanda Chen, Chen Zhao, Zhou Yu, Kathleen McKe-
own, and He He. 2024c. Parallel structures in pre-
training data yield in-context learning. In Proceed-
ings of the 62nd Annual Meeting of the Association

52024


https://proceedings.mlr.press/v235/akyurek24a.html
https://proceedings.mlr.press/v235/akyurek24a.html
https://doi.org/10.5281/zenodo.5879544
https://doi.org/10.5281/zenodo.5879544
https://arxiv.org/abs/2511.16893
https://arxiv.org/abs/2511.16893
https://proceedings.mlr.press/v202/biderman23a.html
https://proceedings.mlr.press/v202/biderman23a.html
https://openreview.net/forum?id=3X2EbBLNsk
https://openreview.net/forum?id=3X2EbBLNsk
https://aclanthology.org/P04-3031/
https://aclanthology.org/P04-3031/
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://doi.org/10.52202/068431-1371
https://doi.org/10.52202/068431-1371
https://doi.org/10.52202/068431-1371
https://openreview.net/forum?id=MO5PiKHELW
https://openreview.net/forum?id=MO5PiKHELW
https://openreview.net/forum?id=MO5PiKHELW
https://openreview.net/forum?id=4fN2REs0Ma
https://openreview.net/forum?id=4fN2REs0Ma
https://openreview.net/forum?id=4fN2REs0Ma
https://doi.org/10.18653/v1/2024.acl-long.465
https://doi.org/10.18653/v1/2024.acl-long.465

for Computational Linguistics (Volume 1: Long Pa-
pers), pages 8582-8592, Bangkok, Thailand. Associ-
ation for Computational Linguistics.

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin,
Maarten Bosma, Gaurav Mishra, Adam Roberts,
Paul Barham, Hyung Won Chung, Charles Sutton,
Sebastian Gehrmann, Parker Schuh, Kensen Shi,
Sasha Tsvyashchenko, Joshua Maynez, Abhishek
Rao, Parker Barnes, Yi Tay, Noam Shazeer, Vinodku-
mar Prabhakaran, and 48 others. 2023. Palm: Scaling
language modeling with pathways. Journal of Ma-
chine Learning Research, 24(240):1-113.

Joy Crosbie and Ekaterina Shutova. 2025. Induction
heads as an essential mechanism for pattern matching
in in-context learning. In Findings of the Association
for Computational Linguistics: NAACL 2025, pages
5049-5111, Albuquerque, New Mexico. Association
for Computational Linguistics.

Thomas G. Dietterich. 1998. Approximate statistical
tests for comparing supervised classification learning
algorithms. Neural Computation, 10(7):1895-1923.

Ezra Edelman, Nikolaos Tsilivis, Benjamin L. Edelman,
eran malach, and Surbhi Goel. 2024. The evolution
of statistical induction heads: In-context learning
markov chains. In The Thirty-eighth Annual Confer-
ence on Neural Information Processing Systems.

Nelson Elhage, Neel Nanda, Catherine Olsson, Tom
Henighan, Nicholas Joseph, Ben Mann, Amanda
Askell, Yuntao Bai, Anna Chen, Tom Conerly,
Nova DasSarma, Dawn Drain, Deep Ganguli,
Zac Hatfield-Dodds, Danny Hernandez, Andy
Jones, Jackson Kernion, Liane Lovitt, Kamal
Ndousse, and 6 others. 2021. A mathemati-
cal framework for transformer circuits. Trans-
former Circuits Thread. Https://transformer-
circuits.pub/2021/framework/index.html.

Sheridan Feucht, David Atkinson, Byron C Wallace,
and David Bau. 2024. Token erasure as a footprint
of implicit vocabulary items in LLMs. In Proceed-
ings of the 2024 Conference on Empirical Methods
in Natural Language Processing, pages 9727-9739,
Miami, Florida, USA. Association for Computational
Linguistics.

Sheridan Feucht, Eric Todd, Byron C Wallace, and
David Bau. 2025. The dual-route model of induction.
In Second Conference on Language Modeling.

Leo Gao, Stella Biderman, Sid Black, Laurence Gold-
ing, Travis Hoppe, Charles Foster, Jason Phang,
Horace He, Anish Thite, Noa Nabeshima, Shawn
Presser, and Connor Leahy. 2020. The pile: An
800gb dataset of diverse text for language modeling.
Preprint, arXiv:2101.00027.

Wes Gurnee, Neel Nanda, Matthew Pauly, Katherine
Harvey, Dmitrii Troitskii, and Dimitris Bertsimas.
2023. Finding neurons in a haystack: Case studies
with sparse probing. Preprint, arXiv:2305.01610.

Abhimanyu Hans, John Kirchenbauer, Yuxin Wen, Neel
Jain, Hamid Kazemi, Prajwal Singhania, Siddharth
Singh, Gowthami Somepalli, Jonas Geiping, Abhinav
Bhatele, and Tom Goldstein. 2024. Be like a goldfish,
don’t memorize! mitigating memorization in genera-
tive LLMs. In The Thirty-eighth Annual Conference
on Neural Information Processing Systems.

Roee Hendel, Mor Geva, and Amir Globerson. 2023.
In-context learning creates task vectors. In Find-
ings of the Association for Computational Linguis-
tics: EMNLP 2023, pages 9318-9333, Singapore.
Association for Computational Linguistics.

Tatsuya Hiraoka and Kentaro Inui. 2025. Repetition
neurons: How do language models produce repeti-
tions? In Proceedings of the 2025 Conference of
the Nations of the Americas Chapter of the Associ-
ation for Computational Linguistics: Human Lan-
guage Technologies (Volume 2: Short Papers), pages
483-495, Albuquerque, New Mexico. Association
for Computational Linguistics.

Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch,
Elena Buchatskaya, Trevor Cai, Eliza Rutherford,
Diego de Las Casas, Lisa Anne Hendricks, Johannes
Welbl, Aidan Clark, Thomas Hennigan, Eric Noland,
Katherine Millican, George van den Driessche, Bog-
dan Damoc, Aurelia Guy, Simon Osindero, Karén
Simonyan, Erich Elsen, and 3 others. 2022. An em-
pirical analysis of compute-optimal large language
model training. In Advances in Neural Information
Processing Systems, volume 35, pages 30016-30030.
Curran Associates, Inc.

Guy Kaplan, Matanel Oren, Yuval Reif, and Roy
Schwartz. 2025. From tokens to words: On the inner
lexicon of llms. Preprint, arXiv:2410.05864.

Tagore Rao Kosireddy and Evan Lucas. 2025. Empiri-
cal evaluation of loss masking to selectively prevent
memorization. In Proceedings of the First Workshop
on Large Language Model Memorization (L2M?2),
pages 142-149, Vienna, Austria. Association for
Computational Linguistics.

Vedang Lad, Jin Hwa Lee, Wes Gurnee, and Max
Tegmark. 2025. The remarkable robustness of 1lms:
Stages of inference? Preprint, arXiv:2406.19384.

Ang Lv, Ruobing Xie, Xingwu Sun, Zhanhui Kang, and
Rui Yan. 2025. Language models “grok™ to copy.
In Proceedings of the 2025 Conference of the Na-
tions of the Americas Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies (Volume 2: Short Papers), pages 735-741,
Albuquerque, New Mexico. Association for Compu-
tational Linguistics.

Callum Stuart McDougall, Arthur Conmy, Cody Rush-
ing, Thomas McGrath, and Neel Nanda. 2024. Copy
suppression: Comprehensively understanding a motif
in language model attention heads. In Proceedings of
the 7th BlackboxNLP Workshop: Analyzing and In-
terpreting Neural Networks for NLP, pages 337-363,

52025


http://jmlr.org/papers/v24/22-1144.html
http://jmlr.org/papers/v24/22-1144.html
https://doi.org/10.18653/v1/2025.findings-naacl.283
https://doi.org/10.18653/v1/2025.findings-naacl.283
https://doi.org/10.18653/v1/2025.findings-naacl.283
https://doi.org/10.1162/089976698300017197
https://doi.org/10.1162/089976698300017197
https://doi.org/10.1162/089976698300017197
https://openreview.net/forum?id=qaRT6QTIqJ
https://openreview.net/forum?id=qaRT6QTIqJ
https://openreview.net/forum?id=qaRT6QTIqJ
https://doi.org/10.18653/v1/2024.emnlp-main.543
https://doi.org/10.18653/v1/2024.emnlp-main.543
https://openreview.net/forum?id=bNTrKqqnG9
https://arxiv.org/abs/2101.00027
https://arxiv.org/abs/2101.00027
https://arxiv.org/abs/2305.01610
https://arxiv.org/abs/2305.01610
https://openreview.net/forum?id=DylSyAfmWs
https://openreview.net/forum?id=DylSyAfmWs
https://openreview.net/forum?id=DylSyAfmWs
https://doi.org/10.18653/v1/2023.findings-emnlp.624
https://doi.org/10.18653/v1/2025.naacl-short.41
https://doi.org/10.18653/v1/2025.naacl-short.41
https://doi.org/10.18653/v1/2025.naacl-short.41
https://doi.org/10.52202/068431-2176
https://doi.org/10.52202/068431-2176
https://doi.org/10.52202/068431-2176
https://arxiv.org/abs/2410.05864
https://arxiv.org/abs/2410.05864
https://doi.org/10.18653/v1/2025.l2m2-1.11
https://doi.org/10.18653/v1/2025.l2m2-1.11
https://doi.org/10.18653/v1/2025.l2m2-1.11
https://arxiv.org/abs/2406.19384
https://arxiv.org/abs/2406.19384
https://doi.org/10.18653/v1/2025.naacl-short.61
https://doi.org/10.18653/v1/2024.blackboxnlp-1.22
https://doi.org/10.18653/v1/2024.blackboxnlp-1.22
https://doi.org/10.18653/v1/2024.blackboxnlp-1.22

Miami, Florida, US. Association for Computational
Linguistics.

Stephen Merity, Caiming Xiong, James Bradbury, and
Richard Socher. 2017. Pointer sentinel mixture mod-
els. In International Conference on Learning Repre-
sentations.

Gouki Minegishi, Hiroki Furuta, Shohei Taniguchi,
Yusuke Iwasawa, and Yutaka Matsuo. 2025. Beyond
induction heads: In-context meta learning induces
multi-phase circuit emergence. In Forty-second In-
ternational Conference on Machine Learning.

Neel Nanda and Joseph Bloom. 2022. Trans-
formerlens. https://github.com/
TransformerLensOrg/TransformerlLens.

Nostalgebraist. 2020. Interpreting gpt: The logit lens.
LessWrong.

Catherine Olsson, Nelson FElhage, Neel Nanda,
Nicholas Joseph, Nova DasSarma, Tom Henighan,
Ben Mann, Amanda Askell, Yuntao Bai, Anna
Chen, Tom Conerly, Dawn Drain, Deep Gan-
guli, Zac Hatfield-Dodds, Danny Hernandez, Scott
Johnston, Andy Jones, Jackson Kernion, Liane
Lovitt, and 7 others. 2022. In-context learn-
ing and induction heads. Transformer Circuits
Thread. Https://transformer-circuits.pub/2022/in-
context-learning-and-induction-heads/index.html.

Jie Ren, Qipeng Guo, Hang Yan, Dongrui Liu, Quanshi
Zhang, Xipeng Qiu, and Dahua Lin. 2024. Iden-
tifying semantic induction heads to understand in-
context learning. In Findings of the Association for
Computational Linguistics: ACL 2024, pages 6916—
6932, Bangkok, Thailand. Association for Computa-
tional Linguistics.

Aaditya K Singh, Ted Moskovitz, Sara Dragutinovi¢,
Felix Hill, Stephanie C.Y. Chan, and Andrew M
Saxe. 2025. Strategy coopetition explains the emer-
gence and transience of in-context learning. In Forty-
second International Conference on Machine Learn-

ing.

Aaditya K Singh, Ted Moskovitz, Felix Hill,
Stephanie C.Y. Chan, and Andrew M Saxe. 2024.
What needs to go right for an induction head? A
mechanistic study of in-context learning circuits and
their formation. In Proceedings of the 41st Interna-
tional Conference on Machine Learning, volume 235

of Proceedings of Machine Learning Research, pages
45637-45662. PMLR.

Eric Todd, Millicent Li, Arnab Sen Sharma, Aaron
Mueller, Byron C Wallace, and David Bau. 2024.
Function vectors in large language models. In The
Twelfth International Conference on Learning Repre-
sentations.

George Wang and Daniel Murfet. 2026. Patterning: The
dual of interpretability. Preprint, arXiv:2601.13548.

Kevin Ro Wang, Alexandre Variengien, Arthur Conmy,
Buck Shlegeris, and Jacob Steinhardt. 2023. Inter-
pretability in the wild: a circuit for indirect object
identification in GPT-2 small. In The Eleventh Inter-
national Conference on Learning Representations.

Maurice Weber, Daniel Y Fu, Quentin Gregory An-
thony, Yonatan Oren, Shane Adams, Anton Alexan-
drov, Xiaozhong Lyu, Huu Nguyen, Xiaozhe Yao,
Virginia Adams, Ben Athiwaratkun, Rahul Chala-
mala, Kezhen Chen, Max Ryabinin, Tri Dao, Percy
Liang, Christopher Re, Irina Rish, and Ce Zhang.
2024. Redpajama: an open dataset for training large
language models. In The Thirty-eight Conference on
Neural Information Processing Systems Datasets and
Benchmarks Track.

Sean Welleck, Ilia Kulikov, Stephen Roller, Emily Di-
nan, Kyunghyun Cho, and Jason Weston. 2020. Neu-
ral text generation with unlikelihood training. In
International Conference on Learning Representa-
tions.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien
Chaumond, Clement Delangue, Anthony Moi, Pier-
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz,
Joe Davison, Sam Shleifer, Patrick von Platen, Clara
Ma, Yacine Jernite, Julien Plu, Canwen Xu, Teven Le
Scao, Sylvain Gugger, and 3 others. 2020. Trans-
formers: State-of-the-art natural language processing.
In Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing: System
Demonstrations, pages 38—45. Association for Com-
putational Linguistics.

Zhengxuan Wu, Aryaman Arora, Atticus Geiger, Zheng
Wang, Jing Huang, Dan Jurafsky, Christopher D Man-
ning, and Christopher Potts. 2025. Axbench: Steer-
ing LLMs? even simple baselines outperform sparse
autoencoders. In Forty-second International Confer-
ence on Machine Learning.

Yukang Yang, Declan Iain Campbell, Kaixuan Huang,
Mengdi Wang, Jonathan D. Cohen, and Taylor Whit-
tington Webb. 2025. Emergent symbolic mechanisms
support abstract reasoning in large language mod-
els. In Forty-second International Conference on
Machine Learning.

Junchi Yao, Shu Yang, Jianhua Xu, Lijie Hu, Mengdi Li,
and Di Wang. 2025. Understanding the repeat curse
in large language models from a feature perspective.
In Findings of the Association for Computational
Linguistics: ACL 2025, pages 7787-7815, Vienna,
Austria. Association for Computational Linguistics.

Kayo Yin and Jacob Steinhardt. 2025. Which atten-
tion heads matter for in-context learning? In Forty-
second International Conference on Machine Learn-
ing.

Nicolas Zucchet, Francesco D’ Angelo, Andrew Kyle
Lampinen, and Stephanie C.Y. Chan. 2025. The
emergence of sparse attention: impact of data distri-
bution and benefits of repetition. In The Thirty-ninth

52026


https://openreview.net/forum?id=Byj72udxe
https://openreview.net/forum?id=Byj72udxe
https://openreview.net/forum?id=Xw01vF13aV
https://openreview.net/forum?id=Xw01vF13aV
https://openreview.net/forum?id=Xw01vF13aV
https://github.com/TransformerLensOrg/TransformerLens
https://github.com/TransformerLensOrg/TransformerLens
https://www.lesswrong.com/posts/AcKRB8wDpdaN6v6ru/interpreting-gpt-the-logit-lens
https://doi.org/10.18653/v1/2024.findings-acl.412
https://doi.org/10.18653/v1/2024.findings-acl.412
https://doi.org/10.18653/v1/2024.findings-acl.412
https://openreview.net/forum?id=esBoQFmD7v
https://openreview.net/forum?id=esBoQFmD7v
https://proceedings.mlr.press/v235/singh24c.html
https://proceedings.mlr.press/v235/singh24c.html
https://proceedings.mlr.press/v235/singh24c.html
https://openreview.net/forum?id=AwyxtyMwaG
https://arxiv.org/abs/2601.13548
https://arxiv.org/abs/2601.13548
https://openreview.net/forum?id=NpsVSN6o4ul
https://openreview.net/forum?id=NpsVSN6o4ul
https://openreview.net/forum?id=NpsVSN6o4ul
https://openreview.net/forum?id=lnuXaRpwvw
https://openreview.net/forum?id=lnuXaRpwvw
https://openreview.net/forum?id=SJeYe0NtvH
https://openreview.net/forum?id=SJeYe0NtvH
https://www.aclweb.org/anthology/2020.emnlp-demos.6
https://www.aclweb.org/anthology/2020.emnlp-demos.6
https://openreview.net/forum?id=K2CckZjNy0
https://openreview.net/forum?id=K2CckZjNy0
https://openreview.net/forum?id=K2CckZjNy0
https://openreview.net/forum?id=y1SnRPDWx4
https://openreview.net/forum?id=y1SnRPDWx4
https://openreview.net/forum?id=y1SnRPDWx4
https://doi.org/10.18653/v1/2025.findings-acl.406
https://doi.org/10.18653/v1/2025.findings-acl.406
https://openreview.net/forum?id=C7XmEByCFv
https://openreview.net/forum?id=C7XmEByCFv
https://openreview.net/forum?id=jMhRbV47pS
https://openreview.net/forum?id=jMhRbV47pS
https://openreview.net/forum?id=jMhRbV47pS

Annual Conference on Neural Information Process-
ing Systems.

A Additional Model Results
A.1 ICL Task Results

Within this section, we provide the full table sum-
maries of the tasks.

Vanilla

Hapax

Task

Thresholded-Hapax

0 10 20 30 40 50
A accuracy (pp)

Figure Al: For Vanilla, HAPAX, and THRESHOLDED-
HAPAX, increasing the number of demonstrations from
1-shot to 5-shot improves accuracy on the majority of
tasks. This suggests that the models benefit from the
in-context demonstrations, rather than relying solely on
zero-shot or parametric task knowledge.

A.2 Ablation Study on Copying

We conduct ablation studies to understand the
causal impact of each individual attention heads
on the expected prediction 75 on a random repeti-
tion task 173 . .. rs_1. Mean ablation replaces the
activation of a model component with its average
activation from a reference distribution (Wang et al.,
2023). For each head, we compute the mean activa-
tion over 10000 samples from the Pile dataset that
the model was trained on (Gao et al., 2020). While

conducting mean ablations, we only ablate the last
token position of the attention heads. We choose
the last token to avoid disrupting the influence of
the rest of the circuit, mainly the previous token
heads. Given a sequence 7172 ...7s71T2 ... "s_1,
previous token heads store information at position
rs (the final token of the first half) that induc-
tion heads use when predicting at position rs_1
in the second half. If we were to ablate all token
positions, we would also disrupt the information
flow from previous token heads, which would mis-
takenly lead us to identify such heads as induc-
tion heads. We measure the probability difference
of the target token rs before and after ablation,
Detean(Ts | ) — Dabiated (s | ). We also include
the ablation results of Vanilla and Thresholded-
HAPAX for comparison with the HAPAX model.
For interpreting the results of ablations, we chose
to use probability difference metric as it correlated
most accurately with task accuracy.

Influence of Top 10 Prefix-Matching Heads on Random Repetition
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Figure A2: Probability Difference for random repetition

task of the Top 10 Prefix-Matching heads for vanilla
model.

Influence of Top 10 Prefix-Matching Heads on Random Repetition
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Figure A3: Probability Difference for random repetition
task of the Top 10 Prefix-Matching heads for Hapax
model.
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Table Al: Abstractive task performance summary for the 1B model at step 19900 over 34 tasks. Macro-averaged
accuracies (%) within each family are shown with 95% confidence intervals (normal approximation on the macro
mean per category). Sig. gives the number of tasks with significant accuracy differences under McNemar tests with
joint Benjamini—-Hochberg correction (o« = 0.05). The > Vanilla column gives the number and fraction of those
significant tasks where the corresponding variant has higher accuracy than vanilla. Standard includes the target
label in demonstrations; Target excl. withholds the target label.

HAPAX Thresh-HAPAX

Task Category Van. HAPAX Sig. > Van. Van. Thresh  Sig. > Van.

Algorithmic (n = 8)

Standard 28.6 £0.9 273+0.8 5 1/5 (20%) 28.6 £0.9 153+ 0.8 7 0/7 (0%)

Target excl. 25.7+0.8 31.7+0.9 8 718 (88%) 25.7+0.8 19.1 £ 0.8 7 3/7 (43%)
Linguistic (n = 4)

Standard 303+£22 398+19 4 4/4 (100%) 303+22 18.3 £2.0 4 2/4 (50%)

Target excl. 3034+22 399+19 4 4/4 (100%) 303+22 18.3+2.0 4 2/4 (50%)
Knowledge (n = 11)

Standard 18.1 £1.2 188 +1.2 6 4/6 (67%) 18.1 £1.2 10.0 + 0.9 5 0/5 (0%)

Target excl. 124+ 1.1 214+ 1.3 9 9/9 (100%) 124+ 1.1 129+ 1.0 7 5/7 (71%)
Translation (n = 8)

Standard 43+04 6.1 £ 0.5 4 4/4 (100%) 43+04 7.9+ 0.6 5 5/5 (100%)

Target excl. 434+04 6.1 £0.5 4 4/4 (100%) 434+04 7.9+ 0.6 5 5/5 (100%)
Sentence-level (n = 3)

Standard 392+ 1.1 9.4 4+ 0.8 3 0/3 (0%) 392+ 1.1 0.4 +0.1 3 0/3 (0%)

Target excl. 47+04 18.1 +£1.0 3 2/3 (67%) 474+04 1.14+£0.2 3 1/3 (33%)
All (n = 34)

Standard 20.6 £0.5 195+ 0.5 22 13/22 (59%) 20.6 £ 0.5 109+ 04 24 7124 (29%)

Target excl. 15105 221+05 28  26/28 (93%) 151 +£05 12.8 £ 0.5 26 16/26 (62%)
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Figure A4: Probability Difference for random repe-  repetition task for HAPAX.
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Table A2: Performance comparison on abstractive in-context learning tasks (5-Shot) for Vanilla and HAPAX. Values
show accuracy + 95% CI margin (binomial normal-approximation per task). Bold indicates higher performance; {
denotes statistical significance (p < 0.05) according to McNemar’s test.

Task Vanilla (%) HAPAX (%)  Task Vanilla (%)  HAPAX (%)
AG News 3274+ 137 56+0.6  Antonym 0.7+£03 2.2 +0.61
Capitalize (Full Word) ~ 78.2 + 2.87 59.0 £34 Capitalize First Letter 37.1 £33 66.8 + 3.2
Capitalize Last Letter 9.3 =+ 2,07 38+13 Capitalize Second Letter ~ 11.9 + 2,37 24+ 1.1
Chinese—English 41+12 6.8+ 1.6" CommonsenseQA 204 + 117 52+0.6
Country-Capital 29.6 £6.5 423 +7.0° Country-Currency 54+46 54+46
French— English 11.0 £2.0 11.9 + 2.0 Indonesian— English 1.0 + 0.6 0.6 £0.5
Italian— English 48+13 51+14 Japanese— English 04 +04 2.3+ 097
Landmark-Country 328 £32 36.6 + 3.3" Lowercase First Letter 711 £ 311 66.5+32
Lowercase Last Letter 70+ 1.8 72+ 1.8 National Parks 182+ 3.6 20.8 £+ 3.7
Next Capital Letter 6.5+ 1.7 63+ 1.7 Next Item 124 £43 26.7 + 5.8
Park-Country 128 £2.4 16.8 +2.71 Person-Instrument 23.9 4 3.7 14+1.0
Person-Occupation 18.5 + 2,71 44+14 Person-Sport 233+ 4.6 28.6 5.0
Polish—English 1.7+0.8 22+09 Portuguese— English 47+13 8.1+ 177
Present-Past 553 £5.7 782 + 471 Previous Item 31+£23 44 +2.7
Product-Company 18.6 £33 19.5 + 34 Sentiment 64.6 + 2.7 17.4 £22
Singular-Plural 63.9 + 6.6 76.6 + 5.8 Spanish—English 70+ 1.6 117 + 2.0f
Synonym 1.24+04 2.4+ 0.6 Word Length 7.7+ 1.8 6.6+ 1.7

Table A3: Performance comparison on extractive in-context learning tasks (5-Shot) for Vanilla and HAPAX models.
Values show accuracy + 95% CI margin. Bold indicates higher performance; 1 denotes statistical significance
(p < 0.05) according to McNemar’s test.

Task Vanilla (%) HAPAX (%) Task Vanilla (%) HAPAX (%)
Adjective V Verb 3 588+317 417431  Adjective V Verb 5 527+317 312429
Alphabetically Last 5 18.6 + 2.4 155+£22 Animal V Object 3 494 +3.1F 26.0 2.7
Animal V Object 5 371+ 3.0 175+ 24 Choose First Of 3 949 + 1.47 19.1 +£24
Choose First Of 5 95.6 + 1.3 17.14+£23 Alphabetically First 3  35.5 + 3.0 26.8 2.7
Alphabetically First 5 19.9 + 2.51 13.8 £ 2.1 Alphabetically Last 3~ 32.6 + 2.97 244 +2.7
Choose Middle Of 5 258 + 2.7 134+ 2.1 Color V Animal 3 63.4 + 3.0 60.2 + 3.0
Color V Animal 5 484 +3.1 49.2 + 3.1 Choose Last Of 3 65.6 +2.97 46.5 £ 3.1

Choose Last Of 5 515 +£3.1f 44.0 £3.1 Choose Middle Of 3 39.7 +3.07 269 +2.7
Concept V Object 3 56.8 + 3.1 542 £3.1 Conll2003 Person 72.0 + 3.0 199 £2.7
Fruit V Animal 3 437 £ 311 17.7+24  Concept V Object 5 453+31 522434t
ConlI2003 Location 585+3.17  347+30  Object V Concept 5 689 +297 363430
Conll2003 Organization ~ 54.7 + 3.3t 178 £ 25 Fruit V Animal 5 28.0 +2.87 88+ 1.8

Object V Concept 3 735 + 2.7 43.0+ 3.1 Squad Val 14.5 + 237 54+15

Verb V Adjective 3 70.1 + 2.8 449 + 3.1 Verb V Adjective 5 61.0 + 3.0 36.3 £3.0

Table A4: Performance comparison on abstractive in-context learning tasks (5-Shot) for Vanilla and Thresholded-
HAPAX. Values show accuracy + 95% CI margin. Bold indicates higher performance; | denotes statistical
significance (p < 0.05) according to McNemar’s test.

Task Vanilla (%) HAPAX THRESH (%)  Task Vanilla (%) HAPAX THRESH (%)
AG News 327 +1.31 1.14+03 Antonym 0.7+0.3 73+ 1.0
Capitalize (Full Word) ~ 78.2 + 2.8t 359+33 Capitalize First Letter 371+ 331 24.0+29
Capitalize Last Letter 9.3+ 2.0 41+14 Capitalize Second Letter ~ 11.9 4 2.3 37+13
Chinese— English 41412 10.1 + 1.9° CommonsenseQA 204 + 1.1f 0.0 £ 0.0
Country-Capital 29.6 £ 6.5 29.1£6.5 Country-Currency 54+ 4.6 22425
French— English 11.0£2.0 145 + 221 Indonesian— English 1.0 £ 0.6 1.0 £ 0.6
Italian— English 48+13 6.6 + 1.6 Japanese— English 04+04 38+ 1.2f
Landmark-Country 32.8 +3.2f 21.8+28 Lowercase First Letter 711 + 311 46.6 +3.4
Lowercase Last Letter 7.0 + 1.8 33+12 National Parks 18.2 £ 3.6 169 £ 3.5
Next Capital Letter 6.5+ 1.7 42+ 14 Next Item 124+ 43 89 +37
Park-Country 128 £24 15.0 £ 2.6 Person-Instrument 239 + 3.7 0.8 £0.8
Person-Occupation 18.5 + 2.7F 48415 Person-Sport 233 + 4.6 0.0£0.5
Polish—English 1.74+0.8 30+1.1 Portuguese— English 47+13 9.9 +1.97
Present-Past 553 + 5.7 389+56 Previous Item 31+23 13+14
Product-Company 18.6 & 3.3° 8.8 +£24 Sentiment 64.6 + 2.7 0.040.1
Singular-Plural 63.9 + 6.6 234 +5.38 Spanish— English 7.0+ 1.6 142 +2.2F
Synonym 1.2+04 374077 Word Length 7.7 +1.81 0.9 £+ 0.6
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Table A5: Performance comparison on extractive in-context learning tasks (5-Shot) for Vanilla and Thresholded-
HAPAX. Values show accuracy + 95% CI margin. Bold indicates higher performance; t denotes statistical
significance (p < 0.05) according to McNemar’s test.

Task Vanilla (%) HAPAX THRESH (%)  Task Vanilla (%)  HAPAX THRESH (%)
Adjective V Verb 3 58.8 +3.1 56.1 £3.1 Adjective V Verb 5 527 £ 311 39.4 +£3.0
Alphabetically Last 5 18.6 + 2.47 13.0 £ 2.1 Animal V Object 3 49.4 + 317 273 +238
Animal V Object 5 371+ 3.0 163 +23 Choose First Of 3 94.9 + 141 30.7 £ 2.9
Choose First Of 5 95.6 + 1.3 27.0+£2.8 Alphabetically First 3 ~ 35.5 + 3.0f 28.1+28
Alphabetically First 5 19.9 + 2,51 145£22 Alphabetically Last 3 32.6 = 2.9% 245 +27
Choose Middle Of 5 258 + 2.7 74+ 1.6 Color V Animal 3 63.4 + 3.0 18.6 2.4
Color V Animal 5 48.4 + 3.7 95+ 1.8 Choose Last Of 3 65.6 +2.97 53.6 £ 3.1
Choose Last Of 5 515+ 3.1 58.7 +3.11 Choose Middle Of 3 39.7 + 3.0 215425
Concept V Object 3 56.8 +3.17 359£3.0 Conll2003 Person 72.0 + 3.0 258+ 14
Fruit V Animal 3 437 £ 311 21.5+25 Concept V Object 5 453 + 311 183 +24
Conll2003 Location 585+ 3.11 175 £ 1.1 Object V Concept 5 68.9 4 2.97 519 £3.1
ConlI2003 Organization ~ 54.7 4 3.3 21.2+13 Fruit V Animal 5 28.0 4 2.87 99+ 19
Object V Concept 3 735 + 2.7 584 +3.1 Squad Val 14.5 + 237 85+0.8
Verb V Adjective 3 70.1 + 2.8 33.6 £29 Verb V Adjective 5 61.0 & 3.0 20.8 £2.5

Table A6: Performance comparison on abstractive in-context learning tasks (5-Shot) for Vanilla and HAPAX by
ensuring that the target answer for each test instance is not included in the 5-shot examples. Values show accuracy
+ 95% CI margin. Bold indicates higher performance; 1 denotes statistical significance (p < 0.05) according to
McNemar’s test.

Task Vanilla (%) HAPAX (%) Task Vanilla (%) HAPAX (%)
AG News 03 £0.1 74+ 07" Antonym 0.6 +0.3 2.5+ 0.6
Capitalize (Full Word) ~ 78.2 + 2.87 59.0£34 Capitalize First Letter 36.5+33 74.0 + 3.0°
Capitalize Last Letter 31+12 63+ 171 Capitalize Second Letter 03403 32 +1.2f
Chinese—English 41412 6.8 + 1.6 CommonsenseQA 11.2 + 0.9° 10.0 0.8
Country-Capital 30.7 £ 6.6 23 +7.0" Country-Currency 54+46 8.6 £ 5.7
French— English 11.0 £2.0 119 £ 2.0 Indonesian— English 1.0 = 0.6 0.6 £ 0.5
Italian— English 48413 51+14 Japanese— English 04 +04 2.3 + 091
Landmark-Country 31.0 £3.1 39.2 +3.3" Lowercase First Letter 72.4 £3.1 76.8 +2.97
Lowercase Last Letter 3.7+ 13  101+217  National Parks 17.1£35 228 +£39°
Next Capital Letter 33412 8.6+ 197  Nextltem 124443  27.6+58"
Park-Country 113423 168 +27"  Person-Instrument 0.0+ 03 35+ 1.6
Person-Occupation 04404 2.6 £ 117 Person-Sport 101433 428 + 547
Polish—English 1.74+0.8 22+09 Portuguese— English 47+13 81+ 17t
Present-Past 553+5.7 78.2 + 4.77 Previous Item 2.7 +2.1 3.6 +24
Product-Company 155+3.1  259+38"  Sentiment 27409 36.8 +2.87
Singular-Plural 63.9 £ 6.6 76.6 + 5.8 Spanish— English 7.0+ 1.6 11.7 & 2.0°
Synonym 14404 23+ 0.6 Word Length 8.1+19 154 4 257

Table A7: Performance comparison on abstractive in-context learning tasks (5-Shot) for Vanilla and Thresholded-
HAPAX by ensuring that the target answer for each test instance is not included in the 5-shot examples. Values
show accuracy + 95% CI margin. Bold indicates higher performance; t denotes statistical significance (p < 0.05)
according to McNemar’s test.

Task Vanilla (%)  HAPAX THRESH (%)  Task Vanilla (%)  HAPAX THRESH (%)
AG News 03+0.1 34 +0.5f Antonym 0.6 +0.3 6.9 + 1.0
Capitalize (Full Word) ~ 78.2 & 2.8 359+£33 Capitalize First Letter 36.5 & 3.3 269 £3.0
Capitalize Last Letter 31+12 8.0 + 1.97 Capitalize Second Letter 03+£03 7.8 + 1.91
Chinese— English 41+£12 10.1 + 1.97 CommonsenseQA 11.2 + 0.9° 0.0 + 0.0
Country-Capital 30.7 £ 6.6 29.1 £6.5 Country-Currency 54+ 4.6 32+34
French— English 11.0 £2.0 14.5 + 2.21 Indonesian— English 1.0 £ 0.6 1.0+ 0.6
Italian— English 48+13 6.6 + 1.6 Japanese— English 04+04 38 +1.2f
Landmark-Country 31.0 +3.17 25.743.0 Lowercase First Letter 724 +3.17 61.1+33
Lowercase Last Letter 37+13 5.0+ 1.5 National Parks 17.1 £35 242 + 4.01
Next Capital Letter 33+12 63+ 1.7 Next Item 124 £ 4.3 9.8 +3.9
Park-Country 11.3£23 16.0 + 277 Person-Instrument 0.0+£0.3 1.6 +1.a1f
Person-Occupation 04+04 7.8 + 1.8 Person-Sport 10.1 + 3.3° 25+1.7
Polish— English 1.7£0.8 30+1.1 Portuguese—English 47413 9.9 + 1.9%
Present-Past 553 + 5.7 389+5.6 Previous Item 27 +£21 13+ 14
Product-Company 155 £ 3.1 20.7 4 3.5 Sentiment 2.7+ 097 0.0 & 0.1
Singular-Plural 63.9 & 6.6" 239+58 Spanish— English 70+ 1.6 142 + 221
Synonym 14+£04 34+071 Word Length 8.1+ 191 20+ 1.0
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Table A8: Task categories and their constituent tasks. The four-way categorization follows Hendel et al. (2023),
extended with a Sentence-level family covering classification tasks that operate over full passages.

Task family Tasks included

Description

Algorithmic (8)
Length
Linguistic (4)

Knowledge (11)
National Parks,

Capitalize (Full Word), Capitalize First Letter, Capital-
ize Last Letter, Capitalize Second Letter, Lowercase First
Letter, Lowercase Last Letter, Next Capital Letter, Word

Antonym, Present-Past, Singular-Plural, Synonym

Country-Capital, Country-Currency, Landmark-Country,
Next Item, Park-Country,

Tasks solvable by a character-level
rule, such as capitalization, character
selection, or counting.

Tasks that require lexical or morpho-
logical knowledge.
Tasks that require parametric world

Person-  knowledge.

Instrument, Person-Occupation, Person-Sport, Previous

Item, Product-Company
Translation (8)

Sentence-level (3)

Chinese—English, French—English, Indonesian—English,
Italian—English, Japanese—English, Polish—English,
Portuguese—English, Spanish—English

AG News, CommonsenseQA, Sentiment

Tasks where an input word is mapped
from a source language to its target-
language equivalent.

Classification tasks over full passages.

Head Scores 020
o
I -0.15
T 010 8
o
[
T | | -005 3
=K £
= _ a
=% 0.00 2
5% g
2. --0.05 &
= g
--0.10
£ H <
~ --0.15
T

L0 L1 L2 L3 L4 L5 L6 L7 L8 L9 L10L11L12L13L14L15 --0.20

Layer Index

Figure A8: Accuracy difference values of random repe-
tition task for Thresholded-HAPAX.
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Figure A9: Accuracy difference values of random repe-
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Figure A10: Accuracy difference values of random rep-
etition task for Vanilla model.
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Figure All: The non-repeating natural text repeti-
tion accuracy. Instead of giving a repeated sequence
r1re...rsr1Tra...7s—1 We only give rirs...rs_1. This
shows that the initial increase seen in the natural text
repetition also occurs for non-repeating samples.

A.3 Loss Analysis

Figure A12 and A13 display the loss relevant anal-
ysis.

A.4 Logit Lens on Prefix-Matching Attention
Heads

Within A14, we give the per-head contributions of
logit lens analysis.

A.5 Function-Vector and Concept Head
Analysis

Within this section, we use Causal Mediation Anal-
ysis to find Function Vector heads proposed by
Todd et al. (2024) and Concept Head Score analy-
sis from Feucht et al. (2025) to analyze whether the
HAPAX model can develop such heads that have
been found to be important for In-Context Learn-
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Figure A12: Validation Loss of Vanilla and Hapax
model. Despite having increased loss value, as men-
tioned in the main paper, the validation loss also is
mostly affected by the prediction of exact copying in-
stances.

ing (Figure A15 and Figures A17). Using this, we
find that the HAPAX model can develop Function
Vector and Concept heads. Secondly, we verify
that Function Vector heads are causally important
for abstractive ICL, which is in line with (Yin and
Steinhardt, 2025) (Figure A15). Another finding
is that as we ablate previous-token heads, we ob-
serve that within the Vanilla model, only ablating
the top 2 previous-token heads is enough to pull
the accuracy to near 0. However, with Hapax and
Thresholded-Hapax, we observe that the distribu-
tion these models are trained on created a circuitry
where progressively the influence of previous-token
heads becomes less destructive, meaning that the
training provides more distributed ICL strategies
rather than the tightly coupled version in Vanilla
model (Figure A16).

A.6 Attention Pattern Scores

Figures A18, A19, A20 display attention patterns
of the trained models.

B Cosine Similarity Threshold Selection

The main purpose of Thresholded-HAPAX is to
create a stricter training regime for suppression
of inductive copying. Our hypothesis is that even
if we mask exact verbatim copying signals, there
might still be token representations with high rep-
resentational similarity, high enough to still pro-
vide a weak signal for verbatim copying. To test
this, we select the cosine similarity threshold by
using the embedding space of the last step of the
vanilla model as a proxy for finding similar tokens.
We create a cosine similarity matrix and analyze

the cosine similarities of the closest neighbors and
their edit distances. After doing this, we select the
threshold of 0.3, which corresponds to the top-4
closest neighbors on average (Figure B21) and an
average edit distance of 3.65 (Figure B22). To-
kens representing different strings may still have
highly similar embeddings, so our thresholding de-
liberately overestimates these hypothesized similar
tokens, which makes us more confident that we are
removing copying signal. Given our limited com-
pute budget, we adopt this strict threshold to ensure
that the trained model consistently masks the ma-
jority of similar tokens. Although this eventually
causes harm for abstractive tasks when compared
to the regular HAPAX model, we observe consis-
tent gains for translation, suggesting that the model
keeps capabilities for such instances despite the
heavy masking. This control over copying also
cannot solely be explained by undertraining, be-
cause the Thresholded-HAPAX model is near zero
at copying while still achieving 29.1% accuracy
on non-trivial tasks like Country-Capital. There-
fore, even if it performs worse than the vanilla
model, it serves as a proof of concept that the model
can achieve non-trivial capabilities in abstractive
tasks despite having even more reduced copying
and prefix-matching scores.

To further justify our use of input embedding co-
sine similarity (instead of edit distance), we analyze
the relationship between string-level edit distance
and embedding cosine similarity for the top-50
nearest neighbors in the vanilla model’s embed-
ding space (Figure B24). With a cosine similar-
ity threshold of 0.3, 7.24% of the token pairs are
treated as equal, and only 1% of these pairs have
an edit distance higher than 3. In contrast, if we
instead threshold by edit distance at 3, 34.8% of
the pairs are treated as equal, and 28.56% of these
have a cosine similarity below 0.3. Moreover, an
edit distance threshold of 3 still fails to capture 1%
of the pairs whose cosine similarity is above 0.3.
Therefore, edit distance treats many more pairs as
equal but still does not capture some high-cosine-
similarity token pairs, which we hypothesize are
more closely related to copying signal. Since atten-
tion heads attend by hidden state similarity, cosine
similarity is closer to what an attention head would
consider similar. We use cosine similarity as our
base and use the average edit distance at different
cosine similarity thresholds to guide us, so that
we make sure we are removing tokens above a
certain cosine similarity while also understanding
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Figure A13: Loss values at individual token positions. The loss value for Non-Extractive Samples is lower for both

token positions than the Vanilla in HAPAX.
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Figure A14: Per-head analysis of the percentage of times the target token is included in the top-k promoted tokens

for the top 10 prefix-matching heads.
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Figure A15: Similar to the findings from (Yin and Stein-
hardt, 2025), we find FV heads and find them to be
causally more important than heads with high prefix-
matching scores.

how close they are on average to their represented
tokens.

C HAPAX Fluency Evaluation

We evaluate the effects of HAPAX training on the
model’s ability to generate fluent natural text and
compare the results to its vanilla counterpart as
a baseline. Inspired by the Fluency score from
Axbench (Wu et al., 2025), we use an automated
LLM-based approach to assess the fluency of sen-

Abstractive ICL

020 8
-®- Vanilla

>, 0.15 1 Hapax
® -®- Thresholded-Hapax
—
3 0.10 A
Q
<

0.05

0.00

o 1 2 3 4 5 6 7 8 9 10
k (heads ablated)

Figure A16: Ablation of previous-token head is more
destructive in Vanilla, whereas the influence of ablation
is progressively lower on the accuracy for hapax and
thresholded hapax.

tence completions generated by each model, with
discrete ratings of 0, 1, and 2 for fluent language.
Sequence continuations, with a maximum length of
128 tokens, are generated based on a diverse seed
of 20 tokens, sampled from the RedPajama dataset
(Weber et al., 2024).
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Concept Head Scores: Vanilla and Hapax (Sorted Best-Worst)
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Figure A17: Using the concept head scores from Feucht
et al. (2025), we display the scores of the models from
best to worst. The trends are similar for both the Vanilla
and HAPAX models, indicating that suppressing induc-
tive copying does not noticeably affect the causal con-
cept head metrics.
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Figure A18: Prefix-Matching Scores across Vanilla and
HAPAX models. HAPAX model has fewer heads that
have a strong prefix-matching score.

We find in Figure C26 that our HAPAX trained
model generates somewhat fluent text 70% more
times than the vanilla model. The latter, performing
poorly, generates non-fluent language 84% of the
time. Looking at some qualitative examples of gen-
eration in Figure C25, we observe that the vanilla
model defaults to repeating itself rather early, cre-
ating incoherent language, which explains its nega-
tive results. On the other hand, the HAPAX model
is able to produce chained narratives with much
more fluid and natural structure.

D Experimental Details

D.1 Number of Samples Used & Data
Selection

After giving the few-shot examples, we let the
model generate 8 tokens. If the correct predic-
tion requires more than 8§ token predictions, we
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Figure A19: Prefix Matching Scores for Thresholded-
HaPAX.
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Figure A20: Previous Token Head of vanilla model at
step 5000. L4 is the first layer that has a strong previous
token head, which is L4 H1.
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Figure B21: Cosine similarities of nearest N neighbors
for clean model.

Average Edit Distance vs Order of Nearest Neighbors

Average Edit Distance
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Order of Nearest Neighbors

Figure B22: Average edit distance of nearest neighbors
for vanilla model.
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Density of Token Pairs by Edit Distance and Cosine Similarity
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Figure B23: Low edit-distance pairs appear across a
broad range of cosine similarities, suggesting that edit
distance over-treats tokens as equivalent. The analysis
is done on the same pairs analyzed in B22.
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Figure B24: Relationship between string-level similarity
(edit distance) and embedding similarity for the top-
50 nearest neighbors. Many token pairs with low edit
distance also have low embedding similarity (28.56%).
However, 1% of the token pairs with cosine similarity
above 0.3 are still not captured. Since attention heads
attend by hidden state similarity, we want to make sure
we are removing such similar tokens, which motivates
our use of cosine similarity.

Prompt:

Are you a resident of Pinnacle who owns a small business and operates from your
home?

Vanilla: Hapax:

If you answered “yes” to the question,
you are a resident of Pinnacle.

If so, you are in luck.

The P.A.C.P.E. (Professional Association
of Convenience Store Owners) is a non-
profit organization that provides a wide
range of services to the convenience
store industry. The PCE is the largest
membership organization in the PTA. Tt
is dedicated to providing a safe and
secure environment for the members of

If you answered “no” to the question,
you are a resident of Pinnacle.

If you answered “yes” to the question,
you are a resident of Pinnacle.

the convenience store and food service
industry, and to promoting the health...

If you answered “no” to the question,
you are a resident of Pinnacle...

Prompt:

_passcd away after a lengthy battle with Emphysema and Diabetes. She

Vanilla: Hapax:

was born in New York City and raised in
the Bronx.

was a beloved member of the St. Louis
St. Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St. Louis St.
Louis St. Louis St. Louis St.

She was a member of the New England
Patriots, the Boston Red Sox, and the
Boston Celtics. Her favorite sport was
basketball. In her youth, she was an avid
fan of her favorite team, Boston Celtics,
which she played for in high school.
‘When she retired from playing, her
daughter, took over the care...

L )

Figure C25: Examples of sentence completions gener-
ated for the evaluation. Each prompt seed is used to
generate completions by both models. In both examples,
the vanilla model’s generation was rated with 0 (Not
Fluent), while HAPAX received 1 (Somewhat Fluent).
Names in the second example have been redacted.

discard that sample. Secondly, since the model
is trained with a context-length of 2048, samples
that exceed the trained context length are also dis-
carded. According to that logic, the number of
samples available and used are given in Table D9.
Each few-shot demonstration is sampled randomly
from the available items with a seed of 1234.

D.2 Translation Tasks

To perform translation evaluation, we use the mul-
tilingual translation dataset using the Open Mul-
tilingual Wordnet (OMW) 1.4 corpus via NLTK
(Bird and Loper, 2004). To select languages, we
used W3Techs? and chose languages that are both
present in OMW 1.4 and have above 1% usage
on the internet according to W3Techs. We select
translation languages using internet usage statis-
tics as a proxy for likely pretraining representation.
Since W3Techs data update dynamically, our se-
lection was based on June 2025 data. 981 parallel
concepts are used for our tasks. We use accuracy

https://w3techs.com/technologies/
overview/content_language
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Table D9: Per-task evaluation sample sizes for FV ICL tasks. Pool is the benchmark size. Used is the number of

samples used after the filtering logic is applied.

Task Pool Used Task Pool Used
FV abstractive ICL

AG News 7,600 5,000  Antonym 2,398 2,398
Capitalize (Full Word) 813 813 Capitalize First Letter 813 813
Capitalize Last Letter 814 814  Capitalize Second Letter 787 787
Chinese — English 981 981 CommonsenseQA 10,962 5,000
Country-Capital 197 189  Country-Currency 197 93
French — English 981 981  Indonesian — English 981 981
Italian — English 981 981  Japanese — English 981 981
Landmark-Country 836 836  Lowercase First Letter 814 814
Lowercase Last Letter 814 814  National Parks 451 451
Next Capital Letter 814 814  Next Item 225 225
Park-Country 749 732 Person-Instrument 510 510
Person-Occupation 821 821  Person-Sport 318 318
Polish — English 981 981  Portuguese — English 981 981
Present-Past 293 293 Previous Item 225 225
Product-Company 522 522 Sentiment 1,167 1,167
Singular-Plural 205 205  Spanish — English 981 981
Synonym 2,880 2,880  Word Length 814 814
FV extractive ICL

Adjective vs Verb (3) 1,000 1,000  Adjective vs Verb (5) 1,000 1,000
Alphabetically First (3) 1,000 1,000  Alphabetically First (5) 1,000 1,000
Alphabetically Last (3) 1,000 1,000  Alphabetically Last (5) 1,000 1,000
Animal vs Object (3) 1,000 1,000  Animal vs Object (5) 1,000 1,000
Choose First of 3 1,000 1,000  Choose First of 5 1,000 1,000
Choose Last of 3 1,000 1,000  Choose Last of 5 1,000 1,000
Choose Middle of 3 1,000 1,000  Choose Middle of 5 1,000 1,000
Color vs Animal (3) 1,000 1,000  Color vs Animal (5) 1,000 1,000
Concept vs Object (3) 1,000 1,000  Concept vs Object (5) 1,000 1,000
CoNLL: Location 4,499 4,499  CoNLL: Organization 3,843 3,836
CoNLL: Person 3,544 3,539  Fruit vs Animal (3) 1,000 1,000
Fruit vs Animal (5) 1,000 1,000  Object vs Concept (3) 1,000 1,000
Object vs Concept (5) 1,000 1,000 SQuAD Validation 4,944 4,839
Verb vs Adjective (3) 1,000 1,000  Verb vs Adjective (5) 1,000 1,000

GPT-40-mini Evalutating Fluency on Seeded Sentence Generations

84.0%

80

60

40

Percentage (%)

20 14.0%

86.0%

—

16.0%

N\
N

Models:
Vanilla
Hapax
Ratings:

Not Fluent (0)

Somewhat Fluent (1)

Fluent (2)

Not Fluent (0)

Somewhat Fluent (1)
Fluency Rating

Fluent (2)

"boite de conserve" -

Figure C26: GPT-40-mini as a judge rates 100 samples
of natural text generated by each model based on flu-
ency.

as our evaluation metric. For each synset, we use
only the first lemma from the source language to
predict the corresponding English translation. All
evaluations are 5-shot, and we translate from each
source language into English to ensure consistent
token counts across all tasks. An example prompt is
shown in Figure D27. Compatible with the licens-
ing terms, the data is only to be used for research
purposes.

D.3 Low Cardinality Label Space

Some function vector tasks have low cardinality
label spaces, meaning the target prediction is likely

"can"

"adresse" - "address"
"abus" - "maltreatment"
"bétail" - "livestock"
"argile"™ - "mud"
"Chose" — "

Figure D27: French—English example. Accuracy uses
prefix matching on the gold word (optional leading
space). The continuation must equal the gold token or
immediately follow it with a separator character: space,
newline, tab, ’, ,, ., or end.
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to appear among the few-shot demonstrations. For
instance, with 5-shot demonstrations and a 4-label
task, a model could achieve correct predictions
by distributional matching alone, simply sampling
labels from the demonstrations. To disentangle
genuine task understanding from this confound, we
also evaluate with target exclusion. The Person-
Instrument task has only 4 labels (Figure D28), and
Capitalize Second Letter, while nominally having
27 labels, is heavily skewed with the top 4 covering
59.7% of samples (Figure D29).

person-instrument — output label distribution (n=510)

Count

&
o &
& S K &

Figure D28: Label distribution of Person-Instrument
task.

capitalize_second_letter — output label distribution (n=787)

140

120

100

T YO NV N VR OUCPDAFTR0O0NN O OO -

Figure D29: Label distribution of Capitalize Second
Letter task.

E Explored Training Variants

Before finalizing the HAPAX training protocol, we
explored several variants to understand the impact
of inductive copying on learning abstractive ICL
capabilities. The methods proposed here focus
mainly on the first part of the induction circuit,
namely the prefix-matching behavior. The motiva-
tion behind these methods is to eliminate the initial
circuit component, which we expected would re-
move inductive copying behavior. We summarize
these variants and discuss why they fail and are
therefore not suitable for our purposes.

E.1 Loss Penalty Based Interventions for
Prefix-Matching Score

To analyze the impact of inductive copying on the
development of abstractive ICL capabilities, we
included a loss function that penalizes the prefix-
matching attention pattern commonly observed in
induction heads. Given our loss function £, we add
the prefix-matching score across all heads to our
loss function:

L H

1

7H ZZ PrefixMatching(l, 1), (6)
=1 h=1

where ) is our hyperparameter for fine-tuning. We
propose two different versions. In the first one, we
compute the prefix-matching score on the syntheti-
cally generated random repetition sequence. The
random sequences are given in separate forward
passes along with regular training. In the second
version, instead of using synthetic data, we com-
pute the prefix-matching score on the training data
itself. We use the same positions as we use to mask
the loss in Section 3.1.

The initial approach overfits on the synthetic data
and consequently, the prefix-matching pattern and
copying is intact for natural language. The second
approach reduces prefix-matching score for both
synthetic and natural settings. However, although
we observe that the loss function can control the
prefix-matching score, the model can still do ran-
dom copying. We give random repetition accura-
cies for two different lambda values in Figure E30
for the non-synthetic variation. When we analyze
individual attention patterns on the random repe-
tition task, we find that the model learns to copy
from two-tokens ahead, instead of displaying the
regular prefix-matching attention pattern. As an
example, in Figure E31, red squares indicate the
regular prefix-matching positions. However, when
we penalize the attention pattern, the model can
still read the information from the 1-offset posi-
tions. Therefore, attention-pattern based training
interventions are ill-suited for our purposes. This
observation also motivate us to focus on incentives,
as we did for HAPAX, rather than directly opti-
mizing for a specific behavior, since the model’s
solution space tends to discover alternative ways to
achieve the objective, similar to reward hacking.

E.2 Reinitializing Induction Heads

To analyze whether weight reinitialization would al-
low us to suppress inductive copying, we have cre-
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random_repetition_accuracy
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Step

Figure E30: Random repetition accuracy for models
trained with prefix-matching loss. Two lambda values
that reduces the prefix-matching score are still able to
learn random repetition.
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Figure E31: Example attention pattern of a model
trained with a loss function that penalizes prefix-
matching scores. Red squares indicate prefix-matching
positions. Although the model does not display the typi-
cal attention pattern for induction, it learns to read the
copying information from 1-offset positions.

ated two different training protocols. First, we reini-
tialized any attention head whose prefix-matching
score was above a threshold 7, which is 0.3 in
our case. Secondly, in addition to reinitializing
the weights, we have reinitialized the optimizer
states for the corresponding attention heads that go
above the threshold. For the first case, we have ob-
served that the model can continue its training but
the reinitialization creates more induction heads
as compared to what it would learn in the vanilla
version (Figure E33). When we also reinitialize
the corresponding optimizer states, the model train-
ing procedure gets stuck (Figure E32, E34) and
causes every attention head to have an increased
prefix-matching score. Therefore, when we keep
the same data distribution, the model tends to con-
verge on similar solutions for copying behavior,
which makes the presented methods unsuitable for
our purposes.

Prefix-Matching Score for Layer 5 Head 1

Prefix-Matching Score

0.10

o0s JJ J U JJ JJ

4 1000 2000 3000 4000
Training Step

Figure E32: When the optimizer state for induction
heads is reinitialized in combination with the weights,
the model gets stuck and tries to relearn induction heads.
We plot prefix-matching scores before we reinitialize,
which is why certain data points exceed 0.3.

F Choice of Statistical Testing

For downstream tasks where evaluation reduces to
accuracy, each example yields a paired binary out-
come across models (correct vs. incorrect). McNe-
mar’s test is appropriate for this paired binary set-
ting, as it assesses whether disagreements between
the two models on the same examples are symmet-
ric. Prior work has shown that McNemar’s test is
well-calibrated for classifier comparison in such
conditions (Dietterich, 1998). Accordingly, we use
McNemar’s test for our main accuracy-based com-
parisons. To control the false discovery rate, we
apply the Benjamini-Hochberg procedure at FDR
level 0.05 within each table.
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Number of Induction Heads with Score > 0.25
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Figure E33: Number of induction heads that exceed the
0.25 threshold for the reinitialized model (160M). Since
we reinitialize heads that exceed 0.3, we plot heads that
exceed 0.25. The reinitialization causes the model to
create three times more induction heads as compared to
its vanilla version.
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Figure E34: Number of attention heads that exceed 0.25
threshold for a vanilla model (160M).
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Figure E35: Accuracies of sample tasks over training for
the Vanilla model. Random repetition accuracy is the
first task to improve, and its rise coincides with the train-
ing step where the loss drops sharply (Figure A12). This
motivates examining whether the decrease in loss and
the increase in inductive copying translate into meaning-
ful gains on abstractive tasks, which according to our
evidence are not tightly coupled.

G Additional Seed Runs

In order to understand whether the emergence of
abstractive ICL, prefix-matching scores, and TLD
scores show similar qualitative patterns, we have
trained two additional seeds, differing from the con-
figuration specified in the official Pythia run. The
first difference is that the actual specified seed is
1234, whereas now we use seeds 1337 and 2807.
Secondly, due to compute limitations, our results
do not use the same machine and configuration
used for the main runs given within the paper. Dif-
fering from the main run and the original Pythia
run, we have used ROCm 6.2.4, where we used the
torch 2.5.14rocm6.2 library instead of CUDA. Due
to incompatibility with Flash Attention, SDPA has
been used. The remaining libraries match the main
run. On this hardware (MI250X), we experienced
underflowing issues with fp16 training, so bf16 pre-
cision has been used throughout training. These
runs took approximately 3030 MI250X-hours for
18000 steps. These runs, although not run in an
equivalent environment to the main run, allow us
to see whether the qualitative patterns hold.

For TLD in Figures G36 and G37, Vanilla rises
to a peak of 0.45 at step 1600 and then holds a
plateau of 0.42 for the remainder of training, while
HAPAX remains near zero through step 1800 and
then declines steadily into negative values, in line
with the decrease happening in Figure 5. As a
check of the Figure 6 experiment, we observe in
Figures G38 and G39 that Vanilla training repro-
duces the rise-then-decay trajectory seen in Fig-
ure 6, with 8 and 9 (respectively for each seed)
out of 128 heads reaching >80% prefix-matching
score, whereas HAPAX transitions gradually, with
only 1 and 2 out of 128 heads exceeding 80% at
any point over the 18000 steps. Despite the trends
observed in TLD and Prefix-Matching, the target-
excluded curves of both models in Figure H42
emerge at similar times, where both remain be-
low 3% for target excluded until step 3000 and rise
together thereafter. This indicates that HAPAX can
develop abstractive capabilities despite the reduc-
tion in TLD and prefix-matching scores, in line
with the pattern observed in Figure 4. This gives
additional evidence that HAPAX can suppress the
phase transition and its associated metrics while
still allowing for the emergence of abstractive ICL.
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Figure G36: Comparison of token-loss metrics across training for seed 1337.
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Figure G37: Comparison of token-loss metrics across training for seed 2807.
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Figure G38: Comparison of prefix-matching scores across training for seed 1337.
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Figure G39: Comparison of prefix-matching scores across training for seed 2807.
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Figure H40: Loss values at individual token positions for 2.8B models. The loss value for Non-Extractive Samples
is lower for both token positions than the Vanilla in HAPAX.
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Table H10: Abstractive task performance summary for the 2.8B model at step 24900 over 34 tasks. Macro-averaged
accuracies (%) within each family are shown with 95% confidence intervals (normal approximation on the macro
mean per category). Sig. gives the number of tasks with significant accuracy differences under McNemar tests with
joint Benjamini—-Hochberg correction (o« = 0.05). The > Vanilla column gives the number and fraction of those
significant tasks where the corresponding variant has higher accuracy than vanilla. Standard includes the target
label in demonstrations; Target excl. withholds the target label.

Vanilla vs. HAPAX (2.8B)

Task Category Van. HAPAX Sig. > Van.
Algorithmic (n = 8)

Standard 251+09 30.0+ 0.8 6 3/6 (50%)

Target excl. 23.2+0.8 348+ 0.8 7 7/7 (100%)
Linguistic (n = 4)

Standard 36.1 +2.1 41.8+19 3 3/3 (100%)

Target excl. 36.1 +2.1 419+19 3 3/3 (100%)
Knowledge (n = 11)

Standard 214+ 1.3 249+ 1.4 8 6/8 (75%)

Target excl. 16.54+ 1.2 283+ 1.4 9 9/9 (100%)
Translation (n = 8)

Standard 9.6 £ 0.6 13.3+0.7 7 7/7 (100%)

Target excl. 9.6 £0.6 13.3£0.7 7 7/7 (100%)
Sentence-level (n = 3)

Standard 412+ 1.1 232+ 1.0 3 0/3 (0%)

Target excl. 127+ 0.9 55.6 £ 0.9 3 3/3 (100%)
All (n = 34)

Standard 23.0+ 0.6 252+ 0.6 27 19/27 (70%)

Target excl. 184 £0.5 30.3+0.6 29 29/29 (100%)
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Figure H41: Repetition performance in both random
token and natural text settings for 2.8B models. HAPAX

models struggle with repetition, which is solvable with
induction circuits. This shows the HAPAX training can
control copying behavior. Accuracy is measured over

1000 randomly generated samples with s = 25.
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Table H11: Performance comparison on abstractive in-context learning tasks (5-Shot) for Vanilla and HAPAX 2.8B.
Values show accuracy + 95% CI margin. Bold indicates higher performance; 1 denotes statistical significance

(p < 0.05) according to McNemar’s test.

Task Vanilla (%) HAPAX (%) Task Vanilla (%) HAPAX (%)
AG News 420+14"  237+12  Antonym 23406 79+ 11t
Capitalize (Full Word) 72.8 £ 3.1 81.3 +2.71 Capitalize First Letter 403 +34 60.8 + 3.4
Capitalize Last Letter 7.2 + 1.8 48+ 15 Capitalize Second Letter 83 +1.97 41+ 14
Chinese— English 11.0 £ 2.0 14.1 + 2.2F CommonsenseQA 199 + 1.1f 17.0 £ 1.0
Country-Capital 487+ 7.1 61.4 + 6,97 Country-Currency 129 + 6.8 21.5 + 84
French— English 192 £25 251 + 2.7 Indonesian— English 1.7£0.8 2.3 +09
Italian—English 108 £ 1.9 14.7 + 2.2F Japanese— English 29+ 1.0 4.7 +1.31
Landmark-Country 31.3+3.1 40.0 +3.3° Lowercase First Letter 55.0+34 74.2 + 3.0
Lowercase Last Letter 8.2+ 197 55+£1.6 National Parks 24.6 £4.0 31.3 +4.31
Next Capital Letter 42+ 14 45+ 14 Next Item 147 £ 4.6 26.2 4 5.7
Park-Country 10.7 £ 2.2 19.7 + 2,97 Person-Instrument 21.0 + 3.57 1.6+ 1.1
Person-Occupation 17.5 + 2.61 3.0£12 Person-Sport 283+50  371+53F
Polish— English 43+£13 59 + 151 Portuguese— English 112420 17.0 + 247
Present-Past 679 £53 713 +£5.2 Previous Item 1.8+ 1.7 53+29
Product-Company 239 +£3.7 264 + 3.8 Sentiment 61.9 + 2.8 28.8 £2.6
Singular-Plural 7124+ 6.2 829 +5.2f Spanish— English 157423 224 + 2.6
Synonym 3.0+ 0.6 4.9 +0.8f Word Length 43+ 14 44+ 14

Table H12: Performance comparison on abstractive in-context learning tasks (5-Shot) for Vanilla and HAPAX 2.8B
by ensuring that the target answer for each test instance is not included in the 5-shot examples. Values show accuracy
+ 95% CI margin. Bold indicates higher performance; t denotes statistical significance (p < 0.05) according to

McNemar'’s test.

Task Vanilla (%) HAPAX (%) Task Vanilla (%) HAPAX (%)
AG News 34405 3594137 Antonym 24406 82+ 11t
Capitalize (Full Word) 728 + 3.1 81.3 + 271 Capitalize First Letter 359433 71.6 + 3.11
Capitalize Last Letter 49+ 15 81+197  Capitalize Second Letter 194+ 1.0 6.4+ 171
Chinese—English 11.0£2.0 14.1 + 221 CommonsenseQA 140 £ 1.0 443 + 147
Country-Capital 487 £ 7.1 61.4 + 6.97 Country-Currency 140+ 7.0 23.7+ 8.6
French— English 192+25 251 + 271 Indonesian— English 1.7+ 0.8 2.3+09
Italian— English 108 £ 1.9 14.7 + 2.2F Japanese— English 29+ 1.0 4.7 + 131
Landmark-Country 300+3.1 409 +33"  Lowercase First Letter 576 +£34  87.6+231
Lowercase Last Letter 5.3+ 1.5 9.5+2.07  National Parks 224438  333+437
Next Capital Letter 38+13 48 +1.5 Next Item 147+ 4.6 26.2 + 5.7
Park-Country 108 £2.2 19.0 + 2.87 Person-Instrument 24+13 53+ 1.91
Person-Occupation 28 +1.1 26+ 1.1 Person-Sport 20.8 £4.5 56.6 + 5.4
Polish—English 43+£13 59 + 1.5t Portuguese— English 112 £20 17.0 + 2.4°
Present-Past 679 £53 71.3 £5.2 Previous Item 04 +0.7 44 +27%
Product-Company 149431  385+42"  Sentiment 206423 867 +1.97
Singular-Plural 71.2+62 82,9 4 521 Spanish—English 157£23 224 4 2.6
Synonym 3.0+ 06 51+ 0.8" Word Length 3.6+£13 8.8 +2.0f

H 2.8B Evaluations

We train additional Vanilla and HAPAX models
with 2.8B parameters to evaluate whether the
preservation of abstractive capabilities is also ob-
served at a larger model scale. The models are
trained on 52.4B tokens; the compute-optimal bud-
get estimated by Hoffmann et al. (2022) is approx-
imately 56B tokens. Due to compute constraints,
we omit the Thresholded-HAPAX variant from the
2.8B experiments. We use the same setting as in
our 1B training, but train for 25K steps. Under
standard evaluation, Vanilla achieves 23.0% accu-
racy, whereas HAPAX achieves 25.2% (Table H10).
These results suggest that the preservation of ab-
stractive capabilities under HAPAX is also observed
in this 2.8B setting, despite reduced copying and a

degradation of the TLD metric (Figures H40-H44).

I Responsible NLP Checklist Information

1.1 Statistics for Data

We discuss relevant dataset statistics in Section 3.1
and Appendix D. Furthermore, we used a 80%/20%
split for the training and validation data.

1.2 Model Size and Budget

We report the model sizes and training setup in
Section 3.1. Each 1B model was trained on 8
A100 GPUs for 72 hours, corresponding to approx-
imately 576 A100 GPU-hours per run. Each 2.8B
model was trained on 8 A100 GPUs for 168 hours,
corresponding to approximately 1344 A100 GPU-
hours per run.
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Table H13: Performance comparison on extractive in-context learning tasks (5-Shot) for Vanilla and HAPAX models.
Values show accuracy + 95% CI margin. Bold indicates higher performance; 1 denotes statistical significance
(p < 0.05) according to McNemar’s test.

Task Vanilla (%) HAPAX (%) Task Vanilla (%) HAPAX (%)
Color vs Animal (3) 56.6 +3.17  48.1+3.1 CoNLL: Location 48.0 + 1.57 351+ 14
Concept vs Object (3) 76.7 + 2.6" 554 +3.1 CoNLL: Person 58.3 + 1.87 121+12
Choose Middle of 3 40.8 +3.07 257427 Alphabetically Last (3) 315 + 297 25.0 £2.7
Alphabetically Last (5) 19.2 4 24" 149 +£22 Object vs Concept (3) 58.0 +3.11 37.6 £ 3.0
Object vs Concept (5) 576 +317 315429  Fruit vs Animal (5) 22.1 4 2.61 78+ 17
Animal vs Object (3) 505 +3.17  348+30  Verbvs Adjective (3) 777 +2.6"  644+30
Fruit vs Animal (3) 37.4 + 3.01 143 +22 Choose First of 5 77.1 + 2.61 42.0 + 3.1
Choose First of 3 723+28" 326429  Choose Last of 3 63.7+3.07  430+31
Color vs Animal (5) 494+317  415+3.1 Verb vs Adjective (5) 68.1+297  538+31
SQuAD Validation 171+ 1a1f 10.6+0.9  CoNLL: Organization 475+ 1.7 170+ 1.3
Choose Last of 5 71.1 + 2.8" 45.6 + 3.1 Adjective vs Verb (3) 54.6 + 3.1 27.6 2.8
Alphabetically First (3)  32.5 + 297 234 +2.6 Animal vs Object (5) 38.9 + 3.0 254 +£2.7
Concept vs Object (5) 65.6 +2.97 478 £3.1 Choose Middle of 5 20.8 + 2.57 125 £2.0

Adjective vs Verb (5) 434+£31" 181424  Alphabetically First (5) 209 £2.57 143 +£22
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Figure H43: Prefix-matching scores of attention heads across training for 2.8B. Each line is one head. Opacity is
proportional to peak score attained throughout training (heads with peak < 0.1 omitted).

L3 Artifact Use & Licensing

The Pile (Gao et al., 2020) and the Function Vectors
tasks (Todd et al., 2024) are subject to the MIT
License. In accordance with the licensing terms,
these are solely used for research purposes.

1.4 AI Usage

In accordance with the author guidelines, we made
use of LLM-based services such as Claude as assis-
tive tools for correcting grammar and refine writ-
ing.
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Figure H44: Comparison of token-loss metrics across training on 2.8B models. Unlike the regular (All Samples)
TLD, our proposed variants on non-extractive samples progress gradually, with each HAPAX variant being able to
achieve non-trivial ICL capabilities on its corresponding distribution. Since the regular distribution is dominated by
induction-predictable positions, its gains primarily reflect exact copying rather than abstractive ICL. Computing the
metric on targeted subsets thus reveals distinct emergence patterns across the distributions of interest. Metrics are
computed on randomly sampled validation data.
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