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Abstract

Large language models leverage not only para-
metric knowledge acquired during training but
also in-context knowledge provided at infer-
ence time, despite the absence of explicit train-
ing objectives for using both sources. Prior
work has further shown that when these knowl-
edge sources conflict, models resolve the ten-
sion based on their internal confidence, prefer-
ring parametric knowledge for high-confidence
facts while deferring to contextual information
for less familiar ones. However, the training
conditions that give rise to such knowledge uti-
lization behaviors remain unclear. To address
this gap, we conduct controlled experiments
in which we train language models while sys-
tematically manipulating key properties of the
training data. Our results reveal a counterin-
tuitive finding: three properties commonly re-
garded as detrimental must co-occur for robust
knowledge utilization and conflict resolution
to emerge—(i) intra-document repetition of in-
formation, (ii) a moderate degree of within-
document inconsistency, and (iii) a skewed
knowledge frequency distribution. We further
validate that the same training dynamics ob-
served in our controlled setting also arise dur-
ing real-world language model pretraining, and
we analyze how post-training procedures can
reshape models’ knowledge preferences. To-
gether, our findings provide concrete empirical
guidance for training language models that har-
moniously integrate parametric and in-context
knowledge.

1 Introduction

Large language models (LLMs) (Touvron et al.,
2023; Brown et al., 2020; Biderman et al., 2023)
encode vast amounts of world knowledge in their
parameters during pretraining (Roberts et al., 2020;
Petroni et al., 2019; Geva et al., 2020). However, re-
lying solely on this parametric knowledge presents
fundamental limitations: it becomes outdated as

the world changes and lacks coverage of domain-
specific or rare information. To address these limi-
tations, retrieval-augmented generation (RAG) has
emerged as a widely adopted paradigm (Lewis
et al., 2021; Ram et al., 2023a; Shi et al., 2023),
enabling models to access up-to-date and detailed
information from external documents as in-context
knowledge at inference time. Remarkably, LLMs
acquire the ability to leverage both parametric
and in-context knowledge through pretraining with
the next-token prediction objective, without ex-
plicit fine-tuning for retrieval-augmented genera-
tion (Ram et al., 2023b; Mallen et al., 2023; Shi
et al., 2023). Moreover, when the two sources
conflict, models do not blindly follow in-context
knowledge—which may itself be imperfect due to
retrieval errors or noisy web documents—but in-
stead exhibit confidence-dependent arbitration, pre-
ferring parametric knowledge for high-confidence
facts (i.e., high-probability, low-entropy predic-
tions) while deferring to in-context knowledge for
less familiar information (Wu et al., 2024; Yu et al.,
2023).

However, despite the widespread deployment
of retrieval-augmented systems, we lack a system-
atic understanding of which training data proper-
ties give rise to these behaviors. This gap leaves
open the question of what training conditions en-
able models to robustly leverage both knowledge
sources. In this work, we present the first study
that identifies the specific characteristics of training
data that facilitate robust utilization of both para-
metric and in-context knowledge. We do so by train-
ing models on a synthetic corpus (Allen-Zhu and
Li, 2024a,b; Zucchet et al., 2025) with systemati-
cally controlled properties, and by examining how
models’ knowledge utilization behaviors emerge
and evolve under different training data properties.
Specifically, we periodically evaluate three aspects
of knowledge utilization in language models during
training (Figure 1): parametric knowledge utiliza-
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Figure 1: Three knowledge utilization scenarios. Left: Parametric knowledge utilization, where the model recalls
knowledge encoded in its parameters about entities seen during training. Middle: In-context knowledge utilization,
where the model extracts and uses knowledge provided only in the prompt on unseen entities. Right: Knowledge
conflict resolution, where the model is queried about trained entities while the context provides conflicting informa-
tion, and responses reveal the preference between parametric knowledge and in-context knowledge.

tion, in-context knowledge utilization, and knowl-
edge conflict resolution.

Our experiments reveal a counterintuitive find-
ing: factors commonly regarded as detrimental—
intra-document repetition, factual inconsistency,
and skewed knowledge frequency distributions—
jointly enable robust utilization of both knowl-
edge sources. First, intra-document repetition is
necessary for the co-emergence of parametric and
in-context knowledge utilization capabilities (Sec-
tion 3.1). Second, a moderate level of factual in-
consistency prevents over-reliance on in-context
knowledge (Section 3.2). Third, a skewed knowl-
edge frequency distribution maintains balanced re-
liance on both knowledge sources by ensuring that
rare facts continue to require in-context knowl-
edge, thereby preventing over-reliance on para-
metric knowledge (Section 3.3). These findings
offer concrete empirical guidance for training mod-
els that harmoniously integrate parametric and in-
context knowledge: aggressive preprocessing, such
as deduplication and data balancing, may inadver-
tently impair the model’s ability to utilize both
knowledge sources and resolve conflicts between
them.

Our contributions.

* We present the first controlled study examining
how training data characteristics shape the use
of both parametric and in-context knowledge in
language models.

* We identify three key factors—intra-document
repetition, factual inconsistency, and skewed
knowledge frequency distributions—that jointly
enable robust knowledge utilization.

* We validate that the training dynamics identified
in our controlled setting generalize to real-world
language models (Biderman et al., 2023; Groen-
eveld et al., 2024) (Section 4.1) and also analyze
the effects of post-training procedures such as
instruction tuning (Section 4.2).

2 Dataset and Setup

To identify the characteristics of training data that
enable models to robustly utilize both parametric
and in-context knowledge, we design a controlled
experimental framework.

2.1 Synthetic Biographies Dataset

Following prior work (Allen-Zhu and Li, 2024a;
Zucchet et al., 2025), we adopt a synthetic biogra-
phies dataset that enables precise control over cor-
pus characteristics. Each profile contains four at-
tributes: birth_date, birth_city, university,
and major. For each profile, we sample 7 distinct
templates per attribute from a finite pool. We use
6 templates to create training paragraphs (5 for
training, 1 for evaluation context) with randomized
attribute ordering. The remaining template serves
as test probes—cloze-style sentences designed to
elicit attribute values (Figure 9). This deliberate
separation ensures that training, context, and test
sentences are never identical, compelling the model
to utilize parametric or in-context knowledge rather
than simple memorization. See Appendix A for de-
tails.

2.2 Training Setup

We train an 8-layer decoder-only Trans-
former (Vaswani et al.,, 2017) from scratch,



adopting hyperparameters from prior work (Zuc-
chet et al., 2025) (see Appendix B for details). We
use |Eain| = 50Kk entities for training and hold
out a separate set of |Eynseen| = 50K entities for
evaluating in-context knowledge utilization on
unseen entities. The model is trained on a corpus
of training paragraphs from these entities using
the next-token prediction objective (Radford et al.,
2018).

2.3 Evaluation Protocol

We periodically evaluate models on three capabili-
ties described below (Figure 1), using exact-match
accuracy over 200 randomly sampled entities every
100 steps during training.

Parametric Knowledge Utilization (PKU).
This metric measures the model’s ability to recall
learned facts without contextual support. Given an
entity e € Eqain and a test probe p, for attribute
a, the model must generate the correct value v,
solely from its parameters:

Accpky = FEengyy {ﬁ Y aca, UM (pa) = /ua}]

where A, is the set of attributes for entity e, M (-)
denotes the model output, and 1{-} is the indicator
function.

In-Context Knowledge Utilization (ICKU).
This metric evaluates the model’s ability to extract
and utilize information provided in context for en-
tities never seen during training. For e € Eynseens
we construct a context C' containing e’s paragraph
along with paragraphs from two other unseen enti-
ties as distractors:

AceiokU = Benéomeen | [ oaen, HM(Copa) = va}]

Knowledge Conflict Resolution. This metric re-
veals the model’s preference when parametric and
in-context knowledge conflict. For e € Eyain, we
construct a perturbed context C/ by replacing at-
tribute values with randomly sampled alternatives,
then measure how often the model follows each
source:

Prefpi = Eegpu, [ﬁ >aca, HM(CE, pa) = va}]

Prefick = Eenén [\jﬁ 2 aea, HM(CY,pa) = vé}}

where v, denotes the original (parametric) value
and v/, denotes the perturbed (in-context) value.
Higher Prefpyk indicates stronger reliance on
parametric knowledge; higher Prefick indicates
stronger reliance on in-context knowledge.

3 Experiments

We investigate how training data enable a model
(1) to utilize both parametric and in-context knowl-
edge, and (ii) to develop a robust arbitration strat-
egy for resolving conflicts between these two
sources. Specifically, we examine which charac-
teristics of natural text corpora found on the web
contribute to these capabilities and how they give
rise to them.

3.1 Intra-Document Repetition Enables
Co-Emergence

Motivation and hypothesis. We first examine
which factors enable models to utilize both paramet-
ric and in-context knowledge. We hypothesize that
intra-document repetition—a common property of
natural text in which some information is restated
within the same document (Figure 2)—plays a crit-
ical role. During next-token prediction, the first
mention of a fact requires parametric recall (Geva
et al., 2023; Meng et al., 2022), whereas later men-
tions allow the model to leverage earlier context.
We hypothesize that this learning signal naturally
enables the emergence of in-context knowledge
utilization.

Design. To test this hypothesis, we construct two
corpus variants that differ in whether attributes re-
peat within documents:

* SINGLE: Each document contains one paragraph
per entity, so attributes appear only once.

* REPEATED: Each document contains two para-
phrased paragraphs per entity. The first men-
tion necessarily relies on parametric knowledge,
while the second mention provides an opportu-
nity for the model to use either parametric knowl-
edge or in-context knowledge. To avoid trivial
copying based solely on previously mentioned
attribute types regardless of the subject, we mix
multiple entities within each document. Specifi-
cally, we sample two paraphrased paragraphs for
each of three distinct entities and shuffle all six
paragraphs to form a single training document.

Finding 1: Repetition yields co-emergence, with
in-context knowledge utilization emerging first.
Figure 3 (left) shows that models trained on SIN-
GLE develop only parametric knowledge utilization,
whereas models trained on REPEATED acquire both
capabilities. Moreover, in-context knowledge uti-
lization emerges earlier than parametric knowledge
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Figure 2: Intra-document repetition in real-world Wikipedia text (left) and our synthetic corpus variants (right).
SINGLE contains one paragraph per entity; REPEATED contains two paraphrased paragraphs per entity, enabling

in-context knowledge utilization on later mentions.
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Figure 3: Evaluation results during training on SINGLE
versus REPEATED. SINGLE develops only parametric
knowledge utilization and always prefers parametric
knowledge under conflict. REPEATED yields both capa-
bilities, with in-context knowledge utilization emerging
first, but consistently prefers in-context knowledge un-
der conflict.

utilization. One possible explanation for this order-
ing is a structural asymmetry: in-context knowl-
edge utilization can be implemented via general
copying mechanisms (Olsson et al., 2022), whereas
parametric knowledge utilization requires jointly
learning entity-specific knowledge and a paramet-
ric recall mechanism—a combination that develops
more gradually, as observed in prior work (Zucchet
et al., 2025).

Finding 2: Clean REPEATED corpus induces
over-reliance on context. Models trained on
SINGLE cannot utilize in-context knowledge and
therefore trivially prefer parametric knowledge un-
der conflict. In contrast, models trained on RE-
PEATED, despite possessing both capabilities, con-
sistently prefer in-context knowledge under con-
flict (Figure 3, right), even when their parametric

knowledge is highly confident. This is evidenced by
significantly lower entropy and higher target proba-
bility for training entities (see Appendix D). Such
over-reliance on context deviates from the behav-
ior of real-world language models, which tend to
prefer parametric knowledge for high-confidence
facts (Yu et al., 2023; Wu et al., 2024).

3.2 Factual Inconsistency Induces Preference
Transition

Motivation and hypothesis. The previous sec-
tion showed that models trained on clean RE-
PEATED data over-rely on in-context knowledge,
even when their parametric knowledge is highly
confident. This observation raises the question of
which properties of natural web corpora discourage
such unconditional reliance on in-context knowl-
edge.

We hypothesize that a moderate degree of within-
document inconsistency plays this role. Real-world
corpora inevitably contain noise (e.g., typos, out-
dated statements, or paraphrased terms), making
in-context evidence an imperfect signal. When con-
textual information is occasionally incorrect, the
model may learn that parametric knowledge is
more reliable for high-confidence facts. To test this
hypothesis, we introduce controlled factual incon-
sistency into the training corpus.

Design. Starting from REPEATED, we inject in-
consistency by perturbing the values of entity at-
tributes in the leading paragraph with probability
p € {1%, 5%, 10}, replacing them with randomly
sampled alternative values, while leaving the later
paragraph unchanged (Figure 10).

Finding 1: Within-document inconsistency in-
duces a preference transition. Figure 4 reveals
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Figure 4: Effects of within-document inconsistency.
With 1% inconsistency, preference shifts from in-
context knowledge to parametric knowledge as training
progresses.

a consistent two-stage pattern. Early in training,
in-context knowledge utilization emerges first, and
the model prefers in-context knowledge under con-
flict. As parametric knowledge utilization stabi-
lizes, however, the model’s preference gradually
shifts toward parametric knowledge. Remarkably,
even 1% inconsistency is sufficient to induce this
transition. This behavior suggests that inconsis-
tency imposes an effective ceiling on the reliability
of context-based copying; once parametric accu-
racy exceeds this ceiling, the model increasingly
favors parametric knowledge under conflict.

Finding 2: Inconsistency degrades in-context
knowledge utilization. As the model increas-
ingly relies on parametric knowledge, in-context
knowledge utilization degrades at convergence.
One plausible explanation is the gradual forgetting
of in-context circuits due to reduced usage (Olsson
et al., 2022). As parametric knowledge becomes
more advantageous for frequently observed enti-
ties during training, in-context knowledge utiliza-
tion circuits receive diminishing learning signal
and gradually deteriorate. Attention analysis in Ap-
pendix E supports this interpretation: when eval-
uating on unseen entities, attention initially con-
centrates on context tokens but progressively shifts
toward subject name tokens, indicating that the cir-
cuits responsible for in-context knowledge retrieval
no longer function reliably.

3.3 Skewed Knowledge Distribution Preserves
Balanced Reliance on Both Knowledge
Sources

Motivation and hypothesis. To prevent the
degradation of in-context knowledge utilization
observed in the previous section, we hypothesize
that the model must be continuously exposed to
predictions that cannot be resolved by parametric
knowledge alone during training. In natural web

Noise  Uniform Zipfian

1% 31.5% 84.0% (+52.5%)
5% 16.8% 63.9% (+47.1%)
10% 14.1% 57.4% (+43.3%)

Table 1: In-context knowledge utilization accuracy at the
end of training. Zipfian sampling substantially mitigates
degradation relative to uniform sampling under matched
inconsistency levels.
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Figure 5: Arbitration behavior stratified by entity fre-
quency. High-frequency entities transition to parametric
preference, whereas low-frequency entities maintain in-
context preference throughout training.

corpora, a vast amount of information exists where
some knowledge appears very frequently while
most knowledge appears only occasionally (long-
tailed knowledge) (Mallen et al., 2023). We hypoth-
esize that this skewed distribution of knowledge is
key to harmoniously utilizing both in-context and
parametric knowledge.

Design. We construct REPEATED corpora where
entity occurrences follow a Zipfian distribution
with parameter & = 1,! and inject p = 1% in-
consistency noise as in the previous section.

Finding 1: Long-tailed knowledge preserves in-
context knowledge utilization capabilities. We
hypothesized that long-tailed knowledge, for which
sufficient parametric knowledge has not accumu-
lated, would require continuous use of in-context
knowledge, thereby preventing the degradation of
in-context circuits observed in Section 3.2. Indeed,
Table 1 shows substantially less degradation of in-
context knowledge utilization under Zipfian distri-
bution across all noise levels. However, when in-
consistency noise is too high (p > 1%), in-context
knowledge utilization does not fully recover.

Finding 2: Frequency-dependent arbitration
emerges. We also examine how the model’s arbi-
tration behavior under knowledge conflicts varies

'The Zipfian distribution is defined as P(r) =
r=%/ Zszl k~%, where 7 denotes the frequency rank.
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between entities that appear frequently versus in-
frequently in the training corpus. As shown in
Figure 5, high-frequency entities (top 5% of all
entities) transition toward parametric preference
as training progresses, as observed in Section 3.2,
while low-frequency entities (bottom 5% of all en-
tities) maintain in-context preference throughout.
Notably, for rare entities we observe that Accpky
exceeds Prefpgk: the model can sometimes answer
correctly via parametric recall, yet it still prefers
contextual evidence under explicit conflict.

Finding 3: Skewed knowledge distribution alone
is insufficient. So far, we have examined train-
ing on data with skewed knowledge distribution
in the presence of inconsistency noise. However,
does a long-tailed distribution alone—without
inconsistency—produce confidence-calibrated ar-
bitration? Figure 6 shows that the answer is no. We
measure parametric confidence (grouped into 10
bins) against parametric preference under conflict.
We first bin the probabilities of predictions on para-
metric knowledge probes into ten equidistant bins
and plot the average Prefpk for instances in each
bin. Without inconsistency noise, models show low
parametric knowledge preference overall. Only the
combination of skewed knowledge distribution and
modest inconsistency yields the desired alignment
between confidence and preference, where higher
confidence leads to stronger preference for para-
metric knowledge.

Pythia-6.9B OLMo-7B
Prepr PrefICK Prepr Pl’eflc](
Before IT  0.8677 0.0525 0.5507 0.3894
After IT 0.1829 0.7771  0.2137  0.7155

Table 2: Knowledge conflict resolution preferences be-
fore and after instruction tuning (IT) for Pythia-6.9B
and OLMo-7B. Both models show a shift from para-
metric knowledge preference to in-context knowledge
preference after IT.

3.4 Summary

Our experiments show that the following three
properties of the training corpus jointly produce
robust knowledge utilization capabilities:

Intra-document repetition creates training sig-
nal for in-context knowledge utilization alongside
parametric knowledge utilization, enabling their
co-emergence, with in-context knowledge utiliza-
tion emerging earlier and parametric knowledge
utilization following later.

Within-document inconsistency limits the relia-
bility of context-based copying, providing incentive
to prefer parametric knowledge once it becomes
accurate. However, this shift introduces a new prob-
lem: in-context knowledge utilization capabilities
degrade as parametric knowledge becomes suffi-
cient for most predictions.

Skewed knowledge frequency distribution re-
solves this tension by maintaining in-context us-
age when the model faces rare entities throughout
training, thereby preventing degradation.

When all three properties co-occur—as they nat-
urally do in real web corpora—they collectively en-
able balanced reliance on both knowledge sources
and confidence-dependent arbitration. Additional
experiments on hyperparameters, including the
number of entities in training data, noise levels, and
degree of skewness, are provided in Appendix G.

4 Further Analysis
4.1 Validation on Real-world Models

The three corpus properties examined in our con-
trolled experiments—intra-document repetition,
factual inconsistency, and skewed knowledge distri-
bution—naturally occur in web corpora. We there-
fore test whether the same training patterns appear
in real-world open-source LLMs.

Using the publicly released checkpoints of the
PYTHIA (Biderman et al., 2023), we evaluate para-
metric utilization, in-context utilization, and pref-
erence under knowledge conflict at each check-
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Figure 7: Evaluation results of knowledge utilization and conflict resolution in Pythia-6.9B. (Left) Accicku,
Accpku, Prefick, and Prefpk across training steps for Pythia-6.9B. (Right) Preference gap (Prefjcx — Prefpk)
across different model sizes, showing a consistent pattern of initial increase followed by decline as training

progresses.

point (evaluation details in Appendix F).? model
suite (Biderman et al., 2023) As shown in Figure 7
(left), PYTHIA exhibits evaluation results consistent
with our controlled experiments: in-context utiliza-
tion emerges earlier than parametric utilization, the
model initially prefers in-context knowledge un-
der conflict but gradually shifts toward parametric
knowledge, while maintaining high Accicxy for
novel entities throughout training. This indicates
that our synthetic framework captures essential as-
pects of real-world pretraining, and our controlled
findings could serve as a mechanistic explanation
for why these behaviors emerge in practice.

To examine how this phase transition varies
across model scales, we analyze the preference gap
(Preficx — Prefpk) for models ranging from 70M
to 6.9B parameters (Figure 7 right). All models
exhibit a consistent pattern: initial dominance of in-
context knowledge preference that gradually dimin-
ishes over training. Notably, larger models show
stronger parametric knowledge preference at the
end of training, with the preference gap approach-
ing —1 for the largest models, consistent with prior
observations that larger models tend to rely more
heavily on their parametric knowledge (Yu et al.,
2023). This trend can be attributed to larger mod-
els developing parametric knowledge more rapidly
and robustly, leading to higher confidence in their
internal knowledge and consequently stronger pref-
erence for it when conflicts arise.

4.2 Effects of Post-training

Our findings reveal how training corpus character-
istics shape knowledge arbitration strategies during

We use PYTHIA because it provides finely-grained check-
points throughout training, enabling evaluation at intermediate
checkpoints. Results for OLMO (Groeneveld et al., 2024), an-
other model with publicly available checkpoints, are provided
in the Appendix F.

pretraining. A natural question arises: can these
strategies be modified after pretraining through in-
struction tuning?

We examine whether instruction tuning affects
arbitration behavior in real-world models. We
evaluate two models (Pythia-6.9B and OLMo-
7B) using the same evaluation protocol as in
Section 4.1. We fine-tune both models on the
Tulu dataset (Wang et al., 2023), an instruction-
following dataset.

As shown in Table 2, both base models exhibit
higher parametric knowledge preference. However,
after post-training, both models show a reversal:
parametric knowledge preference drops while in-
context knowledge preference increases. This sug-
gests that instruction tuning, which typically in-
volves data designed to encourage faithful follow-
ing of context, can significantly alter the arbitration
strategies established during pretraining.

Having observed that post-training can modify
model behavior, we further investigate whether ad-
justing inconsistency noise—a key factor for in-
context knowledge reliance identified in our find-
ings—in post-training data alone can control the
model’s arbitration strategies as intended. We con-
duct post-training on our synthetic Zipfian corpus
using answer-only loss with 1,000 entities for 500
steps, which is substantially smaller in both entity
count and training steps compared to pretraining.

We examine two scenarios: (1) whether a model
pretrained with 1% noise and post-trained on clean
data increases in-context reliance, and (2) whether
a model pretrained without noise and post-trained
with varying noise levels (p € {1%,5%,10%})
decreases in-context reliance.

The results are shown in Figure 8. We plot the

confidence-preference alignment by binning enti-
ties based on parametric knowledge probability and
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Figure 8: Alignment between parametric knowledge confidence and preference under conflict before and after post-
training. (Left) Scenario (1): A model pretrained with 1% noise shows declined parametric knowledge preference
after post-training with clean data that has no inconsistency noise. (Right) Scenario (2): A model pretrained
without noise initially shows almost no parametric knowledge preference, but after post-training on data with noise,
parametric knowledge preference gradually increases according to the model’s confidence, with higher noise levels
producing stronger confidence-calibrated parametric knowledge preference.

measuring Prefpk for each bin. We demonstrate
that adjusting noise levels alone can successfully
reshape the alignment between confidence and pref-
erence, confirming that our findings provide mean-
ingful guidance for constructing post-training data.

5 Related Work

Knowledge Utilization and Conflicts in Lan-
guage Models. Large language models store fac-
tual knowledge in their parameters during pretrain-
ing (Roberts et al., 2020; Petroni et al., 2019; Geva
et al., 2020), and can also leverage external in-
formation provided in context through retrieval-
augmented generation (Lewis et al., 2021; Ram
et al., 2023a; Shi et al., 2023). Recent studies
have shown that models can use in-context knowl-
edge without explicit fine-tuning (Mallen et al.,
2023; Ram et al., 2023b). When these sources
conflict (Neeman et al., 2022), models exhibit
confidence-dependent arbitration, preferring para-
metric knowledge for well-learned facts while de-
ferring to context for less familiar information (Wu
et al., 2024; Yu et al., 2023). Several methods have
been proposed to steer this behavior through at-
tention manipulation or contrastive decoding (Li
et al.; Yu et al., 2023; Sun et al., 2025; Jin et al.,
2024). Howeyver, these works primarily focus on an-
alyzing or modifying post-hoc behavior (Kortukov
et al., 2024; Xie et al., 2023; Longpre et al., 2021),
leaving open the question of how these capabilities
emerge during training.

Training Data Properties and Knowledge Acqui-
sition. Prior work has studied how data charac-
teristics shape model capabilities and how learn-
ing unfolds during training. Chan et al. (2022);

Singh et al. (2023) investigate how data proper-
ties enable in-context and in-weight learning to
co-exist in transformer-based classifiers. However,
their work is limited to classification tasks, which
may exhibit different dynamics from language mod-
els trained with next-token prediction. Other works
present controlled studies with synthetic corpora
to investigate parametric knowledge acquisition in
language models (Allen-Zhu and Li, 2024a,b; Zuc-
chet et al., 2025), but do not address in-context
utilization (Olsson et al., 2022) or conflict reso-
lution. We extend these directions by examining
how both capabilities co-emerge in language mod-
els and how conflict arbitration strategies develop
during training depending on training data charac-
teristics.

6 Conclusion

We presented the first systematic analysis of
how training data characteristics shape paramet-
ric and in-context knowledge utilization in lan-
guage models through controlled experiments. We
identified a counterintuitive finding: three prop-
erties commonly regarded as detrimental—intra-
document repetition, within-document inconsis-
tency, and skewed knowledge frequency distribu-
tion—must co-occur for robust knowledge utiliza-
tion to emerge. Validation on real-world language
models confirms that the dynamics observed in our
controlled experiments generalize to real-world pre-
training, and our post-training experiments demon-
strate that knowledge arbitration strategies can be
reshaped by adjusting data characteristics. These
findings offer practical guidance for designing train-
ing data.



7 Limitations

Our study primarily leverages synthetic biogra-
phy datasets, which may not fully reflect the rich-
ness of natural language. However, this design pro-
vides a clear advantage: it allows us to isolate the
causal effects of individual factors—which would
be infeasible with real web corpora where multiple
properties are entangled. In addition, we demon-
strate that the same training patterns also emerge
in real-world models (Section 4.1), suggesting that
our findings generalize beyond the controlled set-
ting. Additionally, we focus on knowledge conflicts
where models resolve tension based on internal
confidence. Real-world retrieval-augmented gener-
ation involves diverse scenarios such as retrieval
errors, partial relevance, and multi-document con-
flicts, which we leave for future investigation.
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A Synthetic Biographies Dataset
Construction

Following prior work (Allen-Zhu and Li, 2024a;
Zucchet et al., 2025), we first construct N syn-
thetic person profiles. Each profile contains four at-
tributes: birth_date, birth_city, university,
and major. Names (first/middle/last) are sampled
by randomly composing entries from a public
name database.’ For birth_date, we sample a
date uniformly from 1900-2099. For birth_city
and university, we sample from curated lists of
200 values each, and for major from a list of 100
values, all derived from Wikipedia.* For each at-
tribute, we sample 7 distinct surface templates from
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a finite template pool. An example of templates for
birth_date is shown below.

An example of templates for birth_date

. person was born on birth_date.

person came into the world on birth_date.
person entered this world on birth_date.

person was brought into the world on birth_date.
. person took their first breath on birth_date.
person began their life journey on birth_date.
person celebrates their birthday on birth_date.

. person first opened their eyes on birth_date.

© ® N U A w o -

. person was welcomed into life on birth_date.
person arrived on birth_date.

. person’s story started on birth_date.

. person was born to the world on birth_date.

. person was delivered into the world on birth_date.
. person was given life on birth_date.

. person was welcomed into the world on birth_date.
. person began their journey on Earth on birth_date.
. person made their debut in the world on birth_date.
. person became a part of the world on birth_date.

. person was born into this life on birth_date.

. person came to life on birth_date.

We then create paragraphs containing each per-
son’s biography with a randomized attribute order
as follows: using 6 of the templates, we generate six
paragraphs per entity; five are reserved for training
and one is used as the evaluation in-context para-
graph. The remaining (seventh) template is held
out as a closed-style test probe designed to elicit
the target attribute. An illustration of the resulting
dataset is shown in Figure 9.

B Details on Training Language Models

Component Value
Embedding dimension 512
Layers 8
Attention heads 8
FFN inner dimension 2048
Context length 512

Table 3: Model architecture.

For our controlled experiments, we use a GPT-
2-style decoder-only Transformer>. The model con-
figuration is summarized in Table 3. Following
Hoffmann et al. (2022), we adopt the settings used
in Zucchet et al. (2025). The training hyperparame-
ters are listed in Table 4. All experiments are imple-

Shttps://huggingface.co/openai-community/gpt2
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Hyperparameter Value
Max training steps 16,000
Batch size 128
Learning rate 4 %104
Weight decay 0.10

LR scheduler Cosine
Sequence length 512

Numerical precision bfloat16

Table 4: Training hyperparameters.

mented using the HuggingFace TRL library® and
conducted on a single NVIDIA A100 GPU. Each
training run requires approximately 4—6 hours.

C Example of Factual Inconsistency
Noise within a Document

Figure 10 illustrates a document from the RE-
PEATED corpus in which factual inconsistency
noise has been injected. The value highlighted in
pink was injected as noise with some probability
and therefore does not match the latter original
value, “November 10, 2079.”

D Measuring Confidence for Parametric
Knowledge

To assess the model’s confidence in its parametric
knowledge, we measure two key metrics at the final
token position of each test probe: (1) the probability
assigned to the target token, and (2) the entropy
of the probability distribution over the vocabulary.
These metrics provide complementary perspectives
on model confidence—target probability reflects
how strongly the model predicts the correct answer,
while entropy captures the overall uncertainty in
the prediction.

gtrain Sunseen
w/0 noise
Target prob. 0.998 0.024
Entropy (nats) 0.011  0.955
w/ 1% noise
Target prob. 0.997 0.034
Entropy (nats) 0.016 1.236

Table 5: Target token probability and entropy measured
at the last token of the test probe for entities in &y, and

gunseen .

®https://huggingface.co/docs/trl/index
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N Synthetic Profiles

5 paraphrased paragraphs for training

Annika Klara Wickizer

birth city Rosevile, CA
birth date  November 10, 2079 -——
major Information Systems
university  Drew University

’ -
Test Probe

Annika Klara Wickizer’s story startedon _____
Annika Klara Wickizer was given lifein

Annika Klara Wickizer was educated at _____

Annika Klara Wickizer developed a foundationin __

Annika Klara Wickizer completed their studies in Information Systems.
Annika Klara Wickizer was born into the world in Roseville, CA. Annika
Klara Wickizer was given life on November 10, 2079. Annika Klara
Wickizer took courses at Drew University.

A paragraph for in-context knowledge in evaluation

Annika Klara Wickizer was brought into the world on November 10, 2079.
Annika Klara Wickizer began their earthly life in Roseville, CA. Annika
Klara Wickizer was a student of Information Systems. Annika Klara
Wickizer was enrolled at Drew University.

Figure 9: An example of the synthetic dataset. Each profile consists of four attributes (birth_date, birth_city,
university, major), with paragraphs for training, a paragraph for in-context knowledge in evaluation, and test
probes for eliciting the model to generate the attributes of each entity.

Annika Klara Wickizer was welcomed into the world in Roseville, CA. Annika Klara Wickizer
celebrates their birthday on . Annika Klara Wickizer earned
qualifications in Information Systems. Annika Klara Wickizer pursued higher education at
Drew University.

Dara Angila Honey was given life on April 6, 1978. Dara Angila Honey focused their
academic efforts on Industrial. Dara Angila Honey entered this world in Indianapolis, IN.
Dara Angila Honey achieved academic success at Fisk University.

Dara Angila Honey chose Industrial as their field of study. Dara Angila Honey completed a
program at Fisk University. Dara Angila Honey was welcomed into life on April 6, 1978. Dara
Angila Honey became a part of the world in Indianapolis, IN.

Annika Klara Wickizer first opened their eyes in Roseville, CA. Annika Klara Wickizer received
their diploma from Drew University. Annika Klara Wickizer was welcomed into life on
November 10, 2079. Annika Klara Wickizer was educated in the field of Information
Systems.

Roselee Justine Woolem gained academic grounding in Business Analytics. Roselee Justine
Woolem first opened their eyes in Phoenix, AZ. Roselee Justine Woolem studied at Hamilton
College. Roselee Justine Woolem was brought into the world on August 12, 2083.

Roselee Justine Woolem entered this world on August 12, 2083. Roselee Justine Woolem
majored in Business Analytics. Roselee Justine Woolem began their life in Phoenix, AZ.
Roselee Justine Woolem developed expertise at Hamilton College.

Figure 10: Example of the document injected inconsis-
tency noise

Table 5 presents these measurements for enti-
ties in both iy (seen during training) and &ypseen
(held-out entities) under two training conditions:
without noise and with 1% inconsistency noise.
For &ain, the model exhibits extremely high confi-
dence, assigning near-perfect probability to target
tokens with very low entropy. This indicates that
the model has successfully acquired and can reli-
ably retrieve parametric knowledge for entities it
encountered during training. In contrast, for Eypseen,
the model shows substantially lower confidence,
with target probabilities and much higher entropy
values.

Parametric knowledge varies with entity fre-
quency. Beyond the binary comparison between
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Figure 11: Relationship between entity frequency (Zipf
rank) and parametric knowledge strength. The model
exhibits a strong negative correlation between Zipf rank
and the probability p(v, | p,) of generating the cor-
rect attribute value given only the probe prompt. More
frequent entities have stronger parametric knowledge
while rare entities show weaker parametric knowledge.

seen and unseen entities, we investigate how the
strength of parametric knowledge varies across en-
tities in Eyain as a function of their frequency in
the pre-training corpus. Figure 11 shows the re-
lationship between Zipf rank (where lower ranks
indicate more frequent entities) and the probability
p(ve | pe) assigned to the correct attribute value
when given only the probe prompt p,, averaged
across all attributes. The results reveal an strong
negative correlation, demonstrating that parametric
knowledge strength is tightly coupled with entity
frequency.
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Figure 12: Changes in the layer-wise sum of attention
mass at the last token of the test probe when the model
trained with 1% noise performs in-context knowledge
utilization for & eeen entities. Green indicates the atten-
tion allocated to name tokens in the test probe, while
blue indicates the attention allocated to target tokens in
the context. As training progresses, attention gradually
shifts from context target tokens to name tokens.

E Attention Pattern Analysis

In this section, we provide additional analysis of
attention patterns to understand the mechanisms
underlying the degradation of in-context knowl-
edge utilization observed in Section 3.2. Specifi-
cally, we investigate how the model trained on the
REPEATED corpus with 1% inconsistency noise al-
locates attention during the training process, which
allows us to indirectly examine the circuits used for
parametric versus in-context knowledge utilization.

Attention Patterns in In-Context Knowledge
Utilization To understand why in-context knowl-
edge utilization degrades when trained with incon-
sistency noise, we analyzed the attention patterns
at the last token position of the test probe during
in-context knowledge utilization for &pgeen entities.
Figure 12 shows the layer-wise sum of attention
mass over the course of training. We distinguish
between two types of attention targets: (1) name
tokens in the test probe (shown in green), which
are more associated with parametric knowledge
retrieval (Meng et al., 2022; Zucchet et al., 2025;
Geva et al., 2023), and (2) target attribute tokens in
the context (shown in blue), which are necessary
for in-context knowledge utilization (Olsson et al.,
2022).

Our analysis reveals that early in training, at-
tention is heavily concentrated on target attribute
tokens in the context, which is consistent with
successful in-context knowledge utilization medi-
ated by in-context induction circuits (Olsson et al.,
2022). However, as training progresses and para-
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metric knowledge utilization stabilizes, attention
gradually shifts toward name tokens in the test
probe. Notably, this shift occurs even when eval-
uating on Eyngeen €ntities—entities for which the
model has no parametric knowledge (see Table 5).

We hypothesize that the presence of inconsis-
tency noise during training introduces imperfec-
tion in in-context knowledge utilization, making
contextual information a less reliable signal. As a
result, once parametric knowledge becomes suffi-
ciently stable, the model increasingly defaults to
parametric knowledge retrieval across all situations.
Consequently, in-context knowledge utilization cir-
cuits receive progressively less training signal. In
combination with regularization effects such as
weight decay (Loshchilov and Hutter, 2017), this
reduced usage leads to a gradual degradation of
the model’s ability to utilize in-context knowledge
over the course of training.

This mechanistic perspective helps explain why
a skewed knowledge distribution (Section 3.3) is
necessary to preserve in-context knowledge utiliza-
tion. The continuous presence of unfamiliar or low-
frequency entities in the training distribution forces
the model to repeatedly rely on in-context informa-
tion, thereby preventing the complete abandonment
of in-context knowledge circuits.

F Experimental Details for Real-World
Large Language Models

We adapt the evaluation scenarios used in our con-
trolled experiments to settings applicable to large
language models trained on real-world web corpora.
Since such corpora contain abundant information
about countries and their capitals, we define the
set of training entities Ey,in as Real-World Coun-
tries and evaluate whether the model can correctly
predict their corresponding capital cities.

To this end, we construct a Real-World Country—
Capital Set based on the country—capital pairs in-
troduced in Hernandez et al. (2023). Using this
dataset, we build question—answer style probes as
illustrated in Figure 13 and define the Paramet-
ric Knowledge Utilization (PKU) scenario. We
measure Accpky by checking whether the correct
capital appears within the first 64 generated tokens.

For the In-Context Knowledge Utilization
(ICKU) scenario, we evaluate the model’s ability
to use knowledge that is not present in its pretrain-
ing data. Specifically, we construct 100 artificial
country—capital pairs that do not correspond to any
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Utilization

~Real-World Capital-Country

Q: What is the capital of Argentina? A:

In-context Knowledge(ICK)
Utilization
~Synthetic Capital-Country

In-context Knowledge

Historically, Nenathu has been the capital...

The city recognized as Rinquo's capital is

Knowledge Conflict Resolution

~Real-World Capital-Country

Perturbed In-context Knowledge

The capital of Argentina is .

Shina.

Pythia Buenos Aires

The official capital of Pradapra is Nui.

Q: What is the capital of Argentina? A :

Parametric Knowledge

Q: What is the capital of Rinquo? A :

|

prefer ICK

prefer PK
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Figure 13: Three knowledge utilization scenarios in real-world large language models. Left: Parametric knowledge
utilization, where the model recalls country—capital facts from real-world data that were encoded in its parameters
during training. Middle: In-context knowledge utilization, where the model relies on synthetic country—capital pairs
provided only in the context. Right: Knowledge conflict resolution, where the model is queried about real-world
countries while the prompt supplies perturbed (incorrect) capitals, allowing us to examine whether the model prefers
parametric knowledge or the perturbed in-context knowledge.

real-world entities, forming a Synthetic Country—
Capital Set. These pairs are provided only within
the prompt context, and Accicky is computed by
verifying whether the correct synthetic capital is
generated within 64 tokens.

Finally, for Knowledge Conflict Resolution, we
perturb the in-context knowledge by replacing the
true capitals in the Real-World Country—Capital
Set with incorrect alternatives. Given these per-
turbed contexts and the corresponding test probes,
we evaluate whether the model follows the in-
context information or instead relies on its paramet-
ric knowledge. This allows us to compute Prefick
and Prefpg, reflecting the model’s preference un-
der explicit knowledge conflict.

In addition to the Pythia models discussed in Sec-
tion 4.1, we conduct the same set of experiments
on OLMO0-7B (Groeneveld et al., 2024). As shown
in Figure 14, OLMO-7B exhibits qualitatively sim-
ilar patterns to those observed in Pythia: in-context
knowledge utilization emerges earlier, followed by
the stabilization of parametric knowledge utiliza-
tion, and preference shifts in resolving conflicts be-
tween parametric and in-context knowledge. These
results suggest that the knowledge utilization dy-
namics identified in our analysis are not specific
to a particular model family, but instead general-
ize across different large-scale language models
trained on real-world data.
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Figure 14: Evaluation results of knowledge utilization
and conflict resolution in OLMo-7B.

G Additional Experimental Results

We further present additional experimental results
varying several factors of the characteristics of
training data. Unless otherwise noted, all exper-
iments are conducted on the REPEATED corpus.

G.1 Effect of the Number of Training Entities

Figure 15 compares REPEATED runs with 50Kk,
100k, and 200k training entities. With 50k entities,
both in-context knowledge utilization (Accicku)
and parametric knowledge utilization (Accpky)
emerge, with Accioxy activating earlier and
Accpky following as training stabilizes. In con-
trast, for 100k and 200k entities, Accpgky fails to
rise: the model learns to use in-context knowledge
but does not develop robust parametric utilization.
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Figure 15: Evaluation results during training of in-context knowledge utilization (Accicky), parametric knowledge
utilization (Accpkuy), and knowledge conflict preferences (Prefick, Prefpk) under different numbers of training
entities.
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Figure 16: Evaluation results during training of in-context knowledge utilization (Accicky), parametric knowl-
edge utilization (Accpky), and knowledge conflict preferences (Prefick, Prefpk) under different levels of intra-
document inconsistency noise.

G.2 Effect of Intra-document Inconsistency H The Use of Large Language Models

Noi
olse We used large language models solely to aid and

polish the writing of this paper, including tasks

Figure 16 examines training dynamics under intra-
such as grammar correction, wording refinement,

document factual inconsistency levels of 1%, 5%,
and 10%. Even 1% noise is sufficient to induce a  and minor stylistic edits.
phase shift in conflict-time preference: as Accpky

stabilizes, the model transitions from preferring

in-context knowledge (Prefick) to preferring para-

metric knowledge (Prefpk). Increasing noise ac-

celerates this shift but also degrades Accicku at

convergence, indicating over-reliance on paramet-

ric knowledge and a reduced ability to use in-

context knowledge.

G.3 Effect of Distributional Skew

Figure 17 examines training dynamics under
Zipfian sampling with o € {0.5,1.0,2.0}. A
near-uniform regime (a=0.5) yields progressive
degeneration of Accicky over training, consis-
tent with the model drifting toward parametric
recall even for unfamiliar entities. An overly
skewed regime (a=2.0) produces undesirable
dynamics—parametric utilization fails to acti-
vate—suggesting that extreme concentration of ex-
posure undermines balanced capability growth. A
moderate skew (a«=1.0) best preserves Accicku
for rare or novel entities while still supporting sta-
ble Accpky and a robust preference for parametric
knowledge on frequently seen facts.
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Figure 17: Evaluation results during training of in-context knowledge utilization (Accicky), parametric knowledge
utilization (Accpkuy), and knowledge conflict preferences (Prefick, Prefpk) as a function of the Zipf exponent c.
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